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1 Einleitung

1 Einleitung

Vor dem Hintergrund des globalen Klimawandels, einer stetig wachsenden Weltbevdlkerung
und einer begrenzten Ressourcenverfiigbarkeit nimmt der Druck auf die Ressource Boden als
Grundlage fiir die Nahrungsmittelproduktion zu (Corwin and Lesch, 2005). Um entsprechende
Handlungsempfehlungen fiir eine nachhaltige Nutzung von Béden erstellen zu konnen, die den
vielseitigen Nutzern - von Seiten der Land- und Forstwirtschaft, des Hochwasserschutzes, des
Landschaftsschutzes sowie der rdumlichen Planung - gerecht zu werden, bedarf es moglichst

detaillierter flaichendeckender, digitaler Bodeninformationen.

Gegenldufig zum weltweit steigenden Bedarf an hochaufgeldosten Bodenkarten steht der
allgemeine Abbau an Finanz- und Personalmitteln in den zustidndigen Geologischen Diensten
(McBratney et al, 2002; Behrens und Scholten, 2006a). Daher stehen fiir die detaillierte
bodenkundliche Landesaufnahme kaum noch freie Ressourcen zur Verfiigung. In diesem
Spannungsfeld ist in den letzten Jahren eine starke Nachfrage nach mathematischen und
statistischen Verfahren zur Regionalisierung von Bodendaten erwachsen. International hat sich
in diesem Zusammenhang das Forschungsfeld ,Digital Soil Mapping“ etabliert, das als
Schnittstelle zwischen Grundlagenforschung und Anwendung gesehen werden kann (Lagacherie
et al,, 2006). Ziel des ,Digital Soil Mapping” ist es, mit Hilfe von raumstatistischen Verfahren
valide Inter- und Extrapolationen zu ermdglichen. Dabei sollen - idealerweise mit relativ kleinen
Stichprobenumfiangen - relativ grofle Flichen hochauflosend mit bodenkundlichen
Informationen versehen werden. Dies fiihrt zu einem gestiegenen Bedarf an effizienten
Methoden und Algorithmen zur Datenanalyse und Extrapolation. Durch die rasante Entwicklung
der Rechentechnik in den letzten 10 Jahren ist es moglich geworden, grof3e Datenbestdnde auf
Standardhardware zu analysieren und somit hochauflésende Prognosen iiber die Feldskala
hinaus zu ermoglichen. Fiir die Boden-Landschaftsmodellierung sind hier insbesondere
Methoden des Data Mining fiir die Anwendung in Geographischen Informationssystemen im
Allgemeinen bzw. in der Bodenkunde im Speziellen (McBratney et al., 2003; Scull et al., 2003;
Behrens et al,, 2005; Bishop et al., 2006) pradestiniert, da sie fiir die Identifizierung komplexer
rdumlicher Zusammenhdnge (Jenny, 1941; McBratney et al., 2003) und die Ableitung von Regel-

oder Formelwerken in unscharfen Datenmengen konzipiert sind.

Die Anwendung von Regressionsverfahren und Verfahren der iiberwachten Klassifikation in der
Boden-Landschaftsmodellierung erfordert eine Lerngrundlage (Stichprobe), die den
Merkmalsraum einer Landschaft in all seinen Auspragungen detailliert widerspiegelt. Die Grofe
der Stichprobe, die fiir eine systematische und vollstindige Abdeckung der Landschaft benétigt
wird, ist dabei von der Diversitit bzw. Heterogenitit der jeweiligen Landschaft abhingig.
Generell gilt, dass mit steigender Gebietsgrofde und hoherer Heterogenitidt mehr Proben fiir eine
hochauflésende Modellierung benétigt werden. Um in heterogenen Landschaften valide

4



1 Einleitung

Bodenprognosemodelle erstellen zu konnen, empfiehlt es sich die Landschaft zu segmentieren
und die einzelnen homogeneren Bereiche separat zu modellieren (McBratney et al., 1991). Zur
systematischen Segmentierung ist es im Rahmen der Bodenlandschaftsmodellierung daher
notwendig, Verfahren zur Landschaftsstrukturanalyse in den Prozess der Modellierung zu
integrieren. Dies ist insbesondere fiir Studien mit raumlichen Auflésungen < 20 m und
Landschaften > 1000 km? der Fall. Fiir solche Gebietsgrofien miissen nicht nur reprasentative
Beprobungsschemata und -verfahren entwickelt werden, sondern es sollte auch der Einsatz von
geophysikalischen Naherkundungstechniken in Betracht gezogen werden (McBratney et al.
2000, 2003; Behrens und Scholten, 2006a; Viscarra-Rossel et al., 2007; Gerber et al., 2008), um

den Beprobungsaufwand zu minimieren (McBratney et al., 2006).

Ein weiterer wichtiger Punkt im Rahmen von Data Mining-basierten Studien zur Bodenprognose
im Landschaftsmafdstab ist die enorme Menge anfallender Daten sowie die Qualitit der zur
Verfiigung stehenden Basisdaten. Letztere sind meist nicht als direkte Grundlage fiir raumliche
Modellierungen erstellt worden und unterliegen als so genannte ,Altdaten verschiedenen
Beschrankungen in Bezug auf ihre Qualitdt und Interpretierbarkeit. Im Rahmen der digitalen
Bodenkartierung muss daher in vielen Situationen mit Datensdtzen umgegangen werden, die
sich stark in Bezug auf Herkunft, Alter, Mafdstab, Auflésung, und Kartierungsstrategie
unterscheiden, was zu verschiedensten Fehlerquellen fiihren kann (Robinson et al, 1984;
Lagacherie und Holmes, 1997; Heuvelink, 1998; Bishop et al, 2006; Behrens et al, 2008).
Werden beispielsweise mittel- oder kleinmaf3stabige Geologische Karten als Prognosedatensatz
fir die hochauflésende Regionalisierung von Bodeneigenschaften verwendet, setzt sich die
Grenzziehung der Geologischen Karte durch die Analyse fort und kann in den
Prognoseergebnissen zu Artefakten fiihren (Fehlerfortpflanzung) (vgl. Gessler et al.,, 1995; Scull
etal., 2005).

Die vorliegende Arbeit will Beitrdge zur Verbesserung der Prognose von bodenkundlichen
Informationen in grofden Landschaften im Rahmen der Boden-Landschaftsforschung liefern und
neue methodische Ansidtze zum Umgang mit groflen Datenbestinden und grofien

Landschaftsraumen aufzeigen.

Die bearbeiteten Schwerpunkte sind Bestandteil der bodenkundlichen Arbeiten im Rahmen des
Sonderforschungsbereichs 299 (Landnutzungskonzepte fiir periphere Regionen) der deutschen
Forschungsgemeinschaft (DFG). Ubergeordnetes Ziel des SFB 299 ist die Entwicklung und
Anwendung einer integrierten Methodik zur Erarbeitung und Bewertung von 6konomisch und
Okologisch nachhaltigen, natur- und wirtschaftsrdaumlich differenzierten Optionen der
regionalen Landnutzung (SFB 299, 2005). Bodenkundlich steht die Regionalisierung von

Bodeneigenschaften als



Ausgangssituation und Stand der Forschung

Eingangsgrofle fiir hydrologische, o6konomische und 0okologische Modelle auf Basis
geophysikalischer Messungen im Vordergrund. Untersuchungsgebiet in der vierten Phase des
SFB war das Einzugsgebiet der Nidda. Es umfasst weite Teile des Wetteraukreises (Friedberg,
Hessen) und hat eine Gesamtausdehnung von 1600 km2. Die Landschaft ist dabei geologisch,
petrologisch und 6kologisch hochdivers und umfasst auch die Mittelgebirgsregionen Taunus,

Vogelsberg und den Blidinger Wald (Abb. 1.1).

Flir einzelne Verfahrensschritte und Teilmodule sind neben dem Nidda Einzugsgebiet noch

Datensidtze aus dem Pfalzer Wald, Zentralhessen und der Republik Niger verwendet worden.
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Abb. 1.1: Lage des Nidda Einzugsgebiets und Hohendifferenzierung, das Rheinische Schiefergebirge mit

dem Taunus rahmt zusammen mit dem Vogelsberg im Westen die 16ssbedeckte Wetterau ein.

2 Ausgangssituation und Stand der Forschung

2.1 SFB 299 Teilprojekt B1

Der iiberwiegende Teil der Arbeiten in dieser Dissertation wurde im Rahmen des Teilprojektes
B1 des 1997 an der Justus-Liebig Universitit Gief3en eingerichteten Sonderforschungsbereichs
299 (Landnutzungskonzepte fiir periphere Regionen) der DFG durchgefiihrt. Zentraler Aspekt
des Projektbereichs B war die Erfassung und Regionalisierung abiotischer und biotischer
und Zustandsvariablen, die die und o6konomischen

Prozessgrofien okologischen

Landschaftsfunktionen steuern.



2 Ausgangssituation und Stand der Forschung

Die beiden bodenkundlichen Teilprojekte B1 und B2.1 befassten sich im Einzelnen mit

folgenden Forschungsthemen:

¢ Raumlich reprasentative Beprobung

(Szibalski et al., 1999; Szibalski, 2001; Behrens et al., 2001, 2008, 2009a)

* Einsatz des Georadars zur Erfassung von periglazidren Lagen und Substraten
(Schotte und Felix-Henningsen, 1999; Sauer und Felix-Henningsen, 2004; Gerber et al.,
2004; Gerber et al. 2008)

¢ Entwicklung von Prognoseverfahren und Regionalisierung von Bodeneigenschaften
(Szibalski, 2001; Scholten et al., 2001; Scholten und Behrens, 2002; Scholten, 2003;
Behrens et al.,, 2005; Behrens und Scholten, 2006a,b; Schmidt et al., 2008, 2009)

* Digitale Reliefanalyse als Basis von Bodenprognosen

(Behrens, 2003; Behrens et al. 2009b,c)

Die Untersuchungsgebiete in der ersten SFB Phase waren drei Gemarkungen im Lahn-Dill-
Bergland. In der zweiten und dritten Projektphase wurde der Untersuchungsraum auf das
gesamte Lahn-Dill-Bergland erweitert. In der vierten Phase stand das mit 1600 km?2 doppelt so

grofde Einzugsgebiet der Nidda im Zentrum der Arbeiten.

Durch eine kontinuierliche methodische Weiterentwicklung wurde ein integratives Konzept aus
raumstatistischen und bodenkundlichen Methoden und Modellierungstechniken in Kombination
mit geophysikalischen Messverfahren entwickelt, das eine hochauflésende Regionalisierung von

Bodeneigenschaften auch in grofden Landschaften ermdéglicht.

Die bodenkundliche Erfassungs- und Regionalisierungsmethodik, wie sie im SFB in Teilprojekt
B1 entwickelt und in der letzten Phase komplettiert und angewendet wurde, ist ein mehrstufiges
Verfahren. Zu Beginn werden die Basisdaten der jeweiligen Grofdlandschaft analysiert. Umfasst
die Grofdlandschaft mehrere naturrdumliche Einheiten, wird die Landschaft segmentiert, um die
so entstandenen homogeneren Landschaftssegmente separat analysieren zu kénnen und so
bessere Prognoseergebnisse zu ermoglichen. Die ndchsten beiden Schritte dienen der
Vorbereitung geophysikalischer Messungen. Zum Einen werden in den Landschaftssegmenten
reprasentative Teilrdume ausgewiesen, die in ihrer Struktur (Relief- und Bodenverbreitung) den
Landschaftssegmenten mdoglichst dhnlich sind (Behrens et al, 2009a). Damit ist eine
Ubertragung der Ergebnisse aus den Teilrdumen in die Landschaftssegmente sichergestellt. Zum
Anderen werden in den ausgewiesenen Teilrdumen im ndchsten Schritt reprasentative
Transekte ausgewiesen, die durch alle, in dem jeweiligen Teilraum vorkommenden Einheiten

verlaufen und somit ebenfalls eine Ubertragbarkeit gewihrleisten. Im Anschluss erfolgt die
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2 Ausgangssituation und Stand der Forschung

hochauflésende Aufnahme der Substrate entlang der reprédsentativen Transekte mit dem
Georadar (Gerber et al.,, 2004). Nach der Prozessierung der Georadardaten (Gerber et al.,, 2008)
werden die Ergebnisse anschlieffend mit Data Mining-Verfahren wie Kiinstlichen Neuronalen
Netzen oder Entscheidungsbaumverfahren regionalisiert (Lagacherie und Holmes, 1997; Zhang

et al., 1999; Zhu, 2000; Behrens et al., 2005; Scull et al., 2005; Schmidt et al., 2009).

2.2 Konzepte der Reprasentanz

Unter Reprdsentanz wird im Allgemeinen die moglichst genaue Abbildung einer
Grundgesamtheit anhand einer Stichprobe verstanden. Die Anzahl der Stichproben hangt dabei
von der Komplexitit der jeweiligen Grundgesamtheit ab (Haseloff und Hoffmann, 1970;
Bahrenberg et al., 1990; Jouan-Rimbaud et al., 1997; Schréoder et al., 2004). Die Grundgesamtheit
stellt somit die inhaltliche, zeitliche und/oder raumliche Struktur von Merkmalen dar. Eine
Stichprobe beschreibt die Grundgesamtheit liber eine Teilmenge. Die Entwicklung von
reprasentativen Beprobungsstrategien nimmt somit in der Boden-Landschaftsmodellierung eine

Schliisselposition zur Erstellung valider, reproduzierbarer und iibertragbarer Prognosen ein.

Grundsatzlich koénnen drei Kategorien von Stichproben unterschieden werden:
expertenbasierte, zufallsbasierte oder systematische Stichproben. Je nach angewendetem
Verfahren ergeben sich Unterschiede in der Verallgemeinerung bzw. der Ubertragbarkeit, also in
den Riickschliissen, die aus der Stichprobe auf die Grundgesamtheit gezogen werden kénnen.
Die mit der expertenbasierten Stichprobenauswahl verbundene Integration einer subjektiven
Komponente in den Entscheidungsprozess limitiert den wissenschaftlichen Anspruch
hinsichtlich Reproduzierbarkeit und Ubertragbarkeit (Franzle, 1978; Kuhnt, 1994; Lagacherie et
al, 1995; Schmotz, 1996; etc.). Somit sind rein expertenbasierte Stichproben nicht oder nur
eingeschrankt anwendbar. Unabhdngige, zufallsbasierte Stichproben vereinen den Vorteil
statistischer Validitit durch die Mdoglichkeit der Berechnung von Vertrauensintervallen bzw.
Vertrauensniveaus, die als Reprasentanzkriterium dienen kénnen und ermaoglichen gleichzeitig
die Verallgemeinerung der Verteilungsfunktion auf die Grundgesamtheit. Jedoch werden in
vielen Fillen relativ viele Proben benétigt, um mit einer zufallsbasierten Stichprobe den

kompletten Merkmalsraum abzudecken.

Systematische Stichprobenverfahren erméglichen es, bei geringerer Probendichte Bereiche der
Grundgesamtheit zu erfassen, die in einer gleichgrofien, zufallsbasierten Stichprobe nicht
berticksichtigt wiirden. Zu solchen Verfahren gehdren beispielsweise geschichtete
Stichprobenverfahren. Zufallsbasierte Verfahren (random sampling) stehen dabei den gezielten
fragestellungsbezogenen Verfahren (purposive sampling) gegeniiber. Letztere werden fiir

Fragen des Digital Soil Mapping empfohlen (Brus et al., 2006).



2 Ausgangssituation und Stand der Forschung

Neben der klassischen Ausweisung von Probenahmestandorten fallen unter den Begriff der
Reprisentanz auch komplexere raumstatistische Analysen, die fiir vielfaltige Fragestellungen im
Rahmen der Bodenlandschaftsmodellierung von Interesse sind. Dazu zahlt beispielsweise die
Bewertung der rdumlichen Reprasentativitit von existierenden kleinrdumigen Bodenkarten
(Favrot, 1989, zit. in Lagacherie et al. 1995, 2001). Die so genannte ,reference area“-Methode
sucht dabei nach Gebieten, die einem Kkleinen, detailliert kartierten Gebiet dhnlich sind. Somit
lassen sich Gebiete ausweisen, die fiir eine Extrapolation auf Basis vorliegender Daten in Frage
kommen. Solche Verfahren bieten somit die Moglichkeit einer komplexen raumanalytischen,
modellbasierten Stichprobenauswahl und -bewertung, die mit reinen designbasierten

Zufallsverfahren nicht moglich ist.

Im Rahmen der Arbeiten im SFB 299 wurden unterschiedliche Verfahren zur reprasentativen
Auswahl von Probenahmestandorten, Untersuchungsgebieten und Transekten angewendet und
entwickelt. In der ersten Projektphase wurde das Verfahren der Regionalen Assoziationsanalyse
nach Kuhnt (1994) eingesetzt, um unter Bertcksichtigung lokaler Nachbarschaftsverhéltnisse
raumlich-reprasentative Beprobungspunkte auszuweisen (Szibalski et al., 1999). In der zweiten
und dritten Phase des SFB 299 wurde von Behrens et al. (2001, 2009b) eine raumstatistische
Methode entwickelt, die es ermoglicht, repriasentative Teilrdume auszuweisen. Dazu wird
innerhalb einer Landschaft nach einem kleineren Gebiet gesucht, dass eine hohe Ahnlichkeit in
Bezug auf Ausstattung und Zusammensetzung mit dem Ursprung besitzt. Dies ist von
Bedeutung, wenn der gesamte Untersuchungsraum zu grof3 ist, um flichendeckend beprobt
werden zu konnen, bzw. wenn Monitoring-Flachen ausgewiesen werden sollen, die dem
Grofdraum moglichst dhnlich sind. Inhaltlich stellt es somit ein zur ,reference area“-Methode
(Lagacherie et al. 1995; 2001) gegenlaufiges Verfahren dar, da noch keine detaillierten

Informationen zur rdumlichen Extrapolation vorliegen.

Sollen durch den Einsatz geophysikalischer Messverfahren wie Dbeispielsweise
Georadaraufnahmen Daten zur Extrapolation von Bodeneigenschaften in grofiere
Landschaftsgebiete erhoben werden (Gerber et al, 2008), ist die Ausweisung von
reprisentativen Messtransekten erforderlich, um eine Ubertragbarkeit der Messungen zu
ermoglichen. Auch hier bieten sich systematische, reprisentative Verfahren zur Bestimmung der

Lage der Transekte an (Kapitel 3.1.2).

2.3 Bodenprognose

Verfahren und Methoden zur Prognose von Bodentypen bzw. Bodenformen sowie von
Bodeneigenschaften sind in der Literatur vielfach beschrieben (McBratney et al., 2000; Scull et

al, 2003; Behrens und Scholten, 2006b). Allgemeines Ziel der digitalen Bodenkartierung ist die

9



2 Ausgangssituation und Stand der Forschung

Regionalisierung liickenhaft oder punktuell vorliegender Bodendaten. Grundséatzlich kénnen
zwei  Methodenkomplexe zur rdumlichen Beschreibung unterschieden werden:

Interpolationsverfahren und Extrapolationsverfahren.

Interpolationsverfahren ermoglichen die flichenhafte Charakterisierung innerhalb der vom
vorliegenden  Datensatz  bestimmten  rdumlichen  Grenzen. Einfache raumliche
Interpolationsverfahren, die meist zur Regionalisierung metrisch skalierter Daten verwendet
werden, wie die Inverse Distanzgewichtung (IDW, Shepard, 1968; Robinson und Mettemicht,
2006) und Thiessen-Polygone (Thiessen, 1911) stehen dabei komplexeren Verfahren wie dem
Kriging (Matheron, 1963) gegeniiber.

Im Gegensatz dazu ermdoglichen Extrapolationsverfahren Regionalisierungen auch auféerhalb der
raumlichen Grenzen einer Stichprobe. Sie konnen sowohl auf metrische als auch auf
kategorische Daten angewendet werden. Die Regionalisierung erfolgt dabei durch Regressions-
oder Uiberwachte Klassifikationsverfahren auf Basis von Sekundarinformationen (unabhangigen
Variablen) wie z.B. Reliefparametern. ,Uberwacht” bedeutet in diesem Zusammenhang, dass
Klassen auf Basis von vorliegenden Daten regionalisiert werden. Ergebnisse von uniiberwachten
Klassifikationsverfahren wie beispielsweise der Clusteranalyse basieren allein auf der
statistischen Verteilung der unabhdngigen Variablen und miissen immer expertenbasiert

interpretiert werden, da sie per se keine bodenkundliche Information darstellen.

Regressions- und Klassifikationsverfahren werden oft unter dem Begriff Data Mining-Verfahren
zusammengefasst. Der Einsatz von Data Mining-Verfahren auf bodenkundliche Fragestellungen
- insbesondere der Verbreitungssystematik und der Bodengenese - sind Teil der rasant
wachsenden bodenkundlichen Forschungszweige der Pedometrie und der digitalen

Bodenkartierung (,,Digital Soil Mapping").

Je nach Herkunft der verschiedenen Regressions- und Klassifikationsverfahren wie z.B. der
Informatik, der Mathematik, der Forschung zur kiinstlichen Intelligenz oder der Statistik werden
die Verfahren in die Teildisziplinen Maschinelles Lernen (Machine Learning),
Erkenntnisgewinnung (Knowledge Discovery), statistisches Lernen (Statistical Learning) oder
computergestiitztes Lernen (Computational Learning) eingeordnet. Zentrale Verfahren sind u.a.
Kiinstliche Neuronale Netze (Zhu, 2000, Behrens et al, 2005), Entscheidungsbaumverfahren
(Lagacherie und Holmes, 1997; Scull et al., 2005, Schmidt et al, 2008) und Support Vector
Machines (Behrens und Scholten, 2006b).

Die Anwendung von iiberwachten Extrapolationsverfahren auf bodenkundliche Fragestellungen
ist stets von umweltrelevanten Informationen als Stiitzvariablen zur rdumlichen bzw.
inhaltlichen Beschreibung der Zielvariablen abhéngig. Die Charakterisierung der wichtigen

Faktoren des Prozessgefiiges Boden geht auf die Forschungsarbeiten von Dokuchaev (1893) und
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2 Ausgangssituation und Stand der Forschung

Jenny (1941) zuriick. Die Integration der einzelnen pedogenetisch wirksamen Faktoren (Klima,
Relief, Geologie, Organismen, Zeit) in Extrapolationsmodelle ermdglicht somit eine Modellierung
der Zusammenhdnge und deren raumliche Abbildung. McBratney et al. (2003) erweitern das
von Jenny (1941) formulierte Modell zur Bodengenese speziell fiir die Anwendung in
quantitativen empirischen rdumlichen Bodenprognosemodellen. Danach lasst sich eine

Bodeneigenschaft (s) nach folgender Funktion berechnen:
s=f(s,co0,r1,p,an)

mit:
s = Bodeneigenschaft
¢ = Klimaparameter
o = Organismen (Flora, Fauna, Mensch)
r = Reliefparameter
p = Bodenbildendes Substrat
a = Alter/Zeit
n = Rdumliche Lage/Nachbarschaft.

Neben der Verfiigbarkeit umweltrelevanter Informationen zum Aufbau von scorpan-Modellen
ist die Untersuchungsgebietsgrofie und die rdumliche Auflésung der Daten ein wichtiger Aspekt,
der die Anwendung von Data Mining-Verfahren limitiert. Dabei nimmt mit steigender
Untersuchungsgebietsgrofle und steigender Auflosung die Datensatzgrofie schnell zu, sodass
auch mit aktuellen Workstations (4 Kerne, 8 GB Arbeitsspeicher) die Daten nicht mehr sinnvoll

prozessiert werden kénnen.

Moran und Bui (2002), Grinand et al. (2008) und Schmidt et al. (2008) zeigen erste Konzepte
zum Umgang mit groféen Datenmengen im Bereich von Bodenprognosen. Dies ist unter anderem
der Fall, wenn es sich um grofée Stichprobenmengen handelt, wie sie beispielsweise aus der
Rasterung von Bodenkarten in Geographischen Informationssystemen entstehen.
Stichprobenverfahren (Kapitel 3.2.1) sind dabei ein wichtiger Schritt zur Handhabung und

Nutzbarmachung von Daten sowie zur Verbesserung von Prognoseergebnissen.

Andererseits nimmt die Verfiigbarkeit von Pradiktoren (unabhdngigen Variablen fiir die
Prognose) zu. Sind bisherige Modellierungsstudien zu rdumlich bodenkundlichen
Fragestellungen vorwiegend auf Basis weniger umweltrelevanter Parametersiatze (< 20)
durchgefiihrt worden, zeigt die Studie von Behrens et al. (2009d), dass durch die effektive
Kombination von unterschiedlichen rdumlichen Skalenniveaus und angepassten
Prognoseverfahren deutliche Verbesserungen in der Prognosequalitit erreicht werden kénnen.
Die damit einhergehende Zunahme der Dimensionalitit in den umweltrelevanten Daten

erschwert allerdings den Einsatz von Modellierungsverfahren zur Prognose von

11



2 Ausgangssituation und Stand der Forschung

Bodeninformationen im Landschaftsrahmen. Weiterer Forschungsbedarf ist hier notwendig.

Eine Literaturauswertung  zum Thema Bodenprognose im Hinblick  auf
Untersuchungsgebietsgrofie  und rdumliche Auflésung fiir den Skalenbereich vom
Teileinzugsgebiet bis hin zur Grof3landschaft offenbart ein deutliches Defizit an Prognosen mit
hoher Auflésung in Grofdlandschaften (Tab. 2.1). Es zeigt sich, dass erst in den letzten drei bis
vier Jahren Arbeiten mit Auflosungen < 50 m in Verbindung mit Prognosegebietsgrofden von
tiber 500 km2 durchgefiihrt wurden. Die Arbeiten von Ryan et al. (2000) und Campling et al.
(2002) erreichen bei einer Auflésung von 25m und einer Untersuchungsgebietsgrofie von liber
500 km? eine hohe rdaumliche als auch inhaltliche Auflésung. Im direkten Vergleich werden
jedoch vorwiegend kleinere Gebiete hochauflésend prognostiziert. Jiingere Studien von Behrens
et al. (2005), Ziadat (2007), Grinand et al. (2008) und Giasson et al. (2008) zeigen die allgemeine
Tendenz hin zu hoéheren Auflésungen und grofleren Gebieten. Dies ist einerseits dem
bestehenden Bedarf der hochauflésenden Beschreibung von Landschaften geschuldet,
andererseits der steigenden Verfiighbarkeit von leistungsstarken Rechnerarchitekturen und

effizienten analytischen Methoden.
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Tabelle 2.1: Literaturauswertung nach Untersuchungsgebietsgrofie und Auflésung der Prognosedaten
sortiert nach dem Erscheinungsjahr (Kursiv: Studien die im Rahmen dieser Arbeit
entstanden sind).

Untersu-

chung-
Autoren E.-jahr Zeitschrift sgebiet  Auflésung

inkm?2 inm
Walker et al. 1986 Soil Sci. Soc. Am. J. 0,007 10
Bhatti et al. 1991 Remote Sensing of the Environment 0,26 15
Moore et al. 1993 Soil Sci. Soc. Am. J. 0,054 15
Gessler et al. 1995 Int.]. Geogr. Inf. Sci. 100 10
Skidmore et al. 1996 PE &RS 0,97 10
Cook et al. 1996a Soil Sci. Soc. Am. ]. 0,054 15
Cooketal. 1996b Australian Journal of Soil Research 200 70
Cialella et al. 1997 PE&RS 24 10
Lagacherie and
Holmes 1997 Int.]. Geogr. Inf. Sci. 35 50
Skidmore et al. 1997 Int.]. of Remote Sensing 0,18 10
Sinowski und
Auerswald 1999 Geoderma 1,5 12,5
Chaplot et al. 2000 Geoderma 0,02 10
McBratney et al. 2000 Geoderma 0,42 2
Ryan et al. 2000 Forest Ecosystem and Management 500 25
Bishop und McBratney 2001 Geoderma 0,47 5
Thompson et al. 2001 Geoderma 0,13 10
Zhu et al. 2001 Soil Sci Soc Am J. 36 30
Campling et al. 2002 Soil Sci Soc Am J. 589 25
Florinsky et al. 2002 Env. Modeling and Software 0,67 15
Kravchenko et al. 2002 Soil Sci. Soc. Am. J. 0,2 10
Park and Vlek 2002 Geoderma 0,03 10
Peng et al. 2003 Geoderma 0,57 10
Behrens et al. 2005 J. Plant Nutr. S. Sci. 600 20
Thompson and Kolka 2005 Soil Sci. Soc. Am. . 15 30
Ziadat 2007 Geoderma 148 20
Grinand et al. 2008 Geoderma 900 50
Schmidt et al. 2008 Geoderma 350 20
Giasson et al. 2008 DSM with Limited Data, Springer 720 92
Zhu et al. 2008 DSM with Limited Data, Springer 60 10
Penizek und Boruvka 2008 DSM with Limited Data, Springer 83 10

Schmidt 2009 Dissertationsschrift 1600 20
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2.4  Ziele der Arbeit

In Anlehnung an Teilprojekt B1 des SFB 299 ist das Hauptziel dieser Arbeit die Entwicklung und
Anwendung einer Methodik zur hochauflésenden und flaichendeckenden Beschreibung von
Bodeneigenschaften in Grof3landschaften auf Basis von prognostischen Verfahren und
geophysikalischen Daten. Diese Arbeit will Beitrdge zur qualitativen und quantitativen
Verbesserung von Bodenprognosemodellen in grofen Gebieten im Rahmen der
Bodenlandschaftsmodellierung liefern und methodische Ansidtze zum Umgang mit grofden

Datenbestidnden und grofden Landschaftsraumen aufzeigen.

Die methodischen Ansitze lassen sich in drei Bereiche gliedern, die Grundlage fiir eine
reprasentative und schrittweise Erfassung bodenkundlicher Parameter und deren Extrapolation

in einer Grofdlandschaft sind:

¢ Landschaftssegmentierung,
e Repriasentanz und

e Data Mining.

Das Ziel der Landschaftssegmentierung (Manuskript 1) ist die Ausweisung von homogenen,
nicht-fragmentierten Teileinzugsgebieten mit statistischen Verfahren die reproduzierbare
Ergebnisse liefern. Dabei wird der Einsatz von moving-window-basierten Haufigkeitsanalysen in
Kombination mit einer k-means Clusteranalyse getestet. Die Ergebnisse der
Landschaftssegmentierung sollen die Grundlage fiir die Ausweisung reprasentativer Teilrdume
und Transekte liefern. Die Teilrdume bilden dabei die Verbindung zwischen den
Landschaftssegmenten und den Messtransekten. Die Ableitung der Teilrdume basiert auf einem
Verfahren, dass innerhalb des SFB 299 entwickelt wurde. Die Transekte stellen die Grundlage

fiir eine geophysikalische Aufnahme der Untersuchungsgebiete dar.

Somit sollen nach der Segmentierung und der Ausweisung von Teilrdumen reprasentative

Transekte nach folgenden Kriterien erfasst werden (Manuskript 2):

¢ jede Raumeinheitenklasse muss im Transektverlauf vorkommen,
¢ jede Raumeinheitenklasse darf nur einmal vorkommen und

e die Transekte sollten moglichst kurz sein.

Damit ist sichergestellt, dass die gewonnenen Ergebnisse in die Teilrdume und anschliefend in

die Landschaftssegmente iibertragbar sind.

Insbesondere im Landschaftsmafdstab erfordert die hochauflésende Modellierung eine
technische Optimierung zur Handhabung der enormen Datenmengen (Manuskript 3). Dies ist
insbesondere dann von Bedeutung, wenn, wie im Falle der vorliegenden Bodenkarten,

kleinmaf3stibig gerasterte Bodeninformationen prognostiziert werden sollen. Aus diesem Grund
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wird eine effektive Integration von Stichprobenverfahren in den Prognoseprozess zur
Verbesserung der Prognosequalitit getestet. Neben der Handhabung grofler Datenmengen ist
die Qualitat der Datengrundlage fiir den Prognoseprozess von Bedeutung (Manuskript 4). Um
die variable Qualitat von Datengrundlagen zu adressieren, die Eingang in Prognosen finden, soll
abschliefend eine Methodik entwickelt werden, die mit Hilfe raumstatistischer Verfahren die
Qualitat der Datengrundlage iiberpriift und Fehler in der Grenzziehung nominaler Flachendaten

wie Bodenkarten automatisiert korrigiert.
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3 Uberblick zu den Verdffentlichungen
3.1 Repriasentanz
3.1.1 Landschaftssegmentierung

(Manuskript 1, ]. Plant Nutr. and Soil Sci., submitted in July 2008)

Die Qualitdt der Anwendung von Methoden und Verfahren der digitalen Bodenkartierung wird
in starkem Ausmafd von der jeweiligen Lerngrundlage bestimmt. Dabei spielen zum Einen die
Qualitdt und der Detaillierungsgrad eine wichtige Rolle. Zum Anderen miissen die Daten
reprasentativ erhoben worden sein, um eine Generalisierung erreichen zu kénnen. Je hoher die
Heterogenitdt einer Landschaft, respektive Bodenlandschaft, ist, umso mehr Proben sind fir
eine qualitativ hochwertige Bodenlandschaftsmodellierung erforderlich. Somit muss als oberste
Ebene in einem Beprobungsverfahren die Analyse der Landschaft stehen. Dabei kann es sich
durchaus als sinnvoll erweisen, eine Landschaft zu gliedern und separate Modelle fiir die
jeweiligen Segmente zu entwickeln (McBratney et al.,, 1991). Dieses Vorgehen entspricht dem
pedologischen Ansatz, der als zwingende Voraussetzung zur Bewertung von Bodenressourcen
die Kenntnis iiber die Vergesellschaftungsstrukturen der Bden benétigt (Pullan, 1969). Dieses
Konzept der Vergesellschaftung von Béden wird seit dem frithen 20. Jahrhundert diskutiert (z.B.
Milne, 1935; Jenny, 1941; Ruhe, 1956; Butler, 1959; Schmidt, 1975). Die bekanntesten Konzepte
sind dabei der Catena-Ansatz (Milne, 1935) und die Bodenfunktionsgleichung (Dokuchaev,
1893; Jenny, 1941). Um die enorme Komplexitdt und Variabilitdt der Bodenvergesellschaftung in
einer Landschaft statistisch zu beschreiben, existieren verschiedene raumstatistische Ansitze
und Konzepte (Franzle, 1978; Kuhnt, 1994; McSweeny et al, 1994; Lagacherie et al, 2001;
Behrens et al., 2009c¢).

Im Rahmen des SFB 299 wird versucht, eine Fliche von ca. 1600 km? bodenkundlich
hochaufl6send abzubilden. Das Einzugsgebiet der Nidda ist jedoch mit seinen geologisch und
petrologisch variablen Mittelgebirgsregionen (Taunus, Vogelsberg, Bilidinger Rotliegend-
/Buntsandstein-Landschaft) als auch der zentral gelegenen, landwirtschaftlich intensiv
genutzten, l6ssbedeckten Wetterau, dufderst heterogen. Um in einer solch diversen Landschaft
sinnvolle Generalisierungen mit Hilfe von Data Mining-Verfahren zu erreichen, empfiehlt es sich,
die Landschaft vor der Beprobung zu segmentieren. Dazu wurde ein statistisches Verfahren
entwickelt, das nominal skalierte, riumliche Datensatze teilautomatisiert auf Basis der
Vergesellschaftungsstrukturen innerhalb der Basisdaten in homogene Segmente gliedert, die im
Rahmen einer stufenweisen Beprobungsstrategie einzeln beprobt werden. Das allgemeine Ziel
der Segmentierung ist die Ausweisung von homogenen, nicht bzw. gering fragmentierten
Untereinheiten mit geglatteten Grenzverldaufen innerhalb einer Landschaft. Das Einzugsgebiet

der Nidda ist somit ein optimales Untersuchungsgebiet flir die Entwicklung, Analyse und
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Validierung des methodischen Konzepts.

Die sinnvolle Strukturierung der Landschaft unter dem Gesichtspunkt der Reduzierung der
Heterogenitdt und der semi-automatisierten Erfassung von Vergesellschaftungsmustern in Form
von Bodenlandschaften basiert im Rahmen des SFB auf einer vorliegenden Bodenkarte 1:50.000
(HLUG) fir das Einzugsgebiet der Nidda. Die Verwendung einer existierenden Bodenkarte im
Maf3stab 1:50.000 als Grundlage fiir eine Segmentierung der Landschaft scheint im Hinblick auf
eine hoher aufgeloste Regionalisierung von Bodeneigenschaften mit einer Auflésung von 20 m
als optimale integrale Datengrundlage, da sie per se die raumrelevanten pedogenetischen
Faktoren subsumiert. Ist keine Bodenkarte verfiigbar, konnen jedoch auch geomorphometrische
und petrographische Informationen aus der Digitalen Reliefanalyse sowie Ableitungen aus
Geologischen Karten im Sinne von Raumeinheiten (Kuhnt, 1994) verschnitten werden. Eine
Segmentierung kann dann auf Basis dieser pedogenetisch wirksamen Faktorenkombination

erfolgen.

Zur Beurteilung der Segmentierungsergebnisse wurden die naturrdumliche Gliederung
1:200.000 von Meynen und Schmithiisen (1953) und die geologische Ubersichtskarte 1:300.000
(HLUG) herangezogen.

Technisch basiert das Verfahren zur reproduzierbaren Ausweisung von Bodenlandschaften auf
der Verkniipfung einer moving-window-basierten Haufigkeitsanalyse mit einer k-means
Clusteranalyse. Dabei wird der nominal skalierte Datensatz mit einem moving-window abgetastet
und fiir jeden Ausschnitt die Haufigkeitsverteilung der Merkmale in der Karte registriert. Die
Haufigkeiten werden im Anschluss mit Hilfe der k-means Clusteranalyse ausgewertet. Durch die
Veranderung der Fenstergrofde und der Clusteranzahl kann der Zersplitterungsgrad eingestellt
werden. Zusatzliche Analysen ermdoglichen die teilautomatisierte Optimierung dieser beiden
wichtigen Modellparameter. Somit kann in Abhédngigkeit der jeweiligen Landschaft eine
optimierte Segmentierung erfolgen. Analog der Bezeichnung in der naturraumlichen Gliederung

wurden folgende Bodenlandschaften ausgewiesen:
- Taunus,
- Stdwestliche Wetterau,
- Nordostliche Wetterau,
- Unterer/Vorderer Vogelsberg,
- Vogelsberg,
- Biidinger Wald.

Detaillierte Untersuchungen im Hinblick auf die geologische und topographische Homogenitit
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innerhalb der Bodenlandschaften zeigten eine eindeutige und verifizierbare Trennung
hinsichtlich der naturrdumlichen Ausstattung im Nidda-Einzugsgebiet. Insbesondere durch die
Betrachtung von charakteristischen lokalen und regionalen Reliefparametern zeigt die
vorgeschlagene Methodik zur Segmentierung von Bodenlandschaften plausible und
reproduzierbare Ergebnisse (Abb. 3.1). Die deutlich stirker geneigte, niedrigere Flache des
Biidinger Waldes hebt sich von der angrenzenden Einheit des Vogelsberg und des Unteren
Vogelsberg deutlich ab. Zwischen den Vogelsbergregionen fallen deutliche Unterschiede in den
Hohenverhaltnissen und der Gewdassernetzstruktur auf. Selbst innerhalb der beiden Wetterau-

Segmente konnen Differenzierungen anhand der untersuchten Reliefparameter vorgenommen

werden.
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Abb. 3.1: Analyse (Boxplot und Dichtefunktion) charakteristischer lokaler und regionaler topographischer
Attribute (slope (a), local elevation (b), aspect (c), drainage distance (d), mean curvature (e))
innerhalb der einzelnen Bodenlandschaftssegmente: Biidinger Wald (BF), Vogelsberg (VB),
Unterer Vogelsberg (LVB), siidwestliche Wetterau (WSW), nordéstliche Wetterau (WNE)
und Taunus (T).

Uber eine detaillierte Analyse ausgewahlter Reliefparameter hinaus wurden separat die geo-
logischen Verhiltnisse in den einzelnen Segmenten untersucht und denen der naturrdumlichen

Gliederung von Hessen gegeniiber gestellt.

Die als Vergleichsreferenz herangezogene naturrdumliche Gliederung nach Meynen und
Schmithiisen (1953) zeigt aufgrund ihrer deutlich breiter gefassten inhaltlichen Auslegung
Schwichen in der detaillierten Beschreibung von Bodenlandschaften, da neben geologischen,
petrologischen und geomorphologischen Parametern auch 0okologische Parameter wie
Artenreichtum und -verteilungen eingeflossen sind. So erreicht die entwickelte Methodik eine

hohere Homogenitit im Hauptausgangssubstrat wie auch in der individuellen
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Vergesellschaftungsstruktur innerhalb der Bodenlandschaften. Dariiber hinaus ist die Methodik
zum Einen reproduzierbar und zum Anderen auf beliebige Landschaften iibertragbar, in denen
auf  Expertenwissen  basierende  naturrdumliche  Gliederungen  oder  ahnliche

landschaftsbeschreibende Kartenmaterialien fehlen.

Ein wesentlicher Forschungsbeitrag dieser Arbeit ist die Kombination verschiedener (raum-)
statistischer Verfahren zur Charakterisierung grofdraumiger Landschaftsstrukturen, wie moving-
window-basierte Haufigkeitsanalysen, Fragmentationsanalysen und eine k-means Clusteranalyse.
Neben dem allgemeinen Beitrag zur bodenkundlichen Forschung im Landschaftsrahmen bieten
sich fachiibergreifende Einsatzmoglichkeiten in der Beschreibung und Diskretisierung von
Daten in der 6kologischen Forschung (Pennock und Veldcamp, 2006) an. Dartiber hinaus kann
die Methodik eine allgemeine Grundlage fiir die hydrologische Modellierung und Kartierung
(Sonneveld et al,, 2006; Scherrer et al, 2002) wie auch fiir Modelle zur Beschreibung von

Bodenentwicklungsprozessen in Landschaften (Minasny und McBratney, 2006) darstellen.

3.1.2 Reprasentative Transekte

(Manuskript 2, J. Geogr. Inf. Sci., submitted in March 2009)

Die Integration von geophysikalischen Naherkundungsverfahren wie dem Georadar in den
Prozess der digitalen Bodenkartierung insbesondere im Bereich der Prazisionslandwirtschaft ist
vielfach in Publikationen dargestellt (McBratney et al., 2000, 2003; Viscarra-Rossel et al., 2007).
Methodisch-technische Herausforderungen ergeben sich insbesondere bei Anwendungen, die

iiber die Feldskala und insbesondere Nutzungsgrenzen hinausgehen.

Im Rahmen des SFB 299 ist die Landschaftssegmentierung der erste Schritt in einem
dreistufigen Beprobungsschema, das zum Ziel hat, kleinrdumig aufgenommene
Georadarmessungen in grofie Bodenlandschaften zu iibertragen. Nach der Segmentierung der
Landschaft in einzelne homogene Bodenlandschaften erfolgt die Ausweisung reprasentativer
Teilraume innerhalb der Bodenlandschaften nach einem ebenfalls im Rahmen des SFB 299
entwickelten raum-statistischen Ansatz (Behrens et al, 2009a). Die Ausweisung der
reprasentativen Teilflichen innerhalb der Landschaftssegmente (vgl. Kapitel 3.1.1) erfolgt
analog auf Basis der Bodenkarte im Mafdstab 1:50.000 (HLUG) und einer systematischen
Analyse der Ahnlichkeiten in unterschiedlichen Ausschnittsgroen bezogen auf die
urspriingliche Bodenvergesellschaftung im Landschaftssegment. Die {iber eine Anpassung des
chiz-Tests ermittelte Ahnlichkeit zum Ursprung definiert die optimale Lage der

Untersuchungsflache im Teilraum (Abb. 3.2).
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Abb. 3.2: Darstellung der Bodenlandschaftssegmente sowie der rdumlichen Lage der einzelnen

reprasentativen Teilrdume (BF = Biidinger Wald; T = Taunus; VU = Vogelsberg; VL = Untere
Vogelsberg; WN = nord-ostliche Wetterau; WS = siid-westliche Wetterau).

Die ausgewiesenen reprasentativen Teilrdume haben eine Groéfie von 3x3 km und sind somit
klein genug, um als Testflachen fiir geophysikalische Aufnahmen dienen zu kénnen (Gerber et

al, 2008).

Analog zu vielen anderen geophysikalischen Naherkundungsverfahren wird mit dem Georadar
kontinuierlich entlang eines linienhaften geophysikalischen Profils gemessen. Im Hinblick auf
Fragen der Reprasentanz stellt sich somit die Frage, wo und wie innerhalb des reprasentativen
Teilraums gemessen werden soll, um mit Hilfe des Georadars eine valide Lerngrundlage fiir die
anschliefSende Modellierung zu generieren. Bislang sind in der bodenkundlichen Literatur keine
Ansatze zur Beantwortung dieser Fragestellung dokumentiert. Fiir klassische bodenkundliche
Kartierungen in Gebieten ohne Hintergrundinformationen ist ein Verfahren nach Acres et al,,
(1993) beschrieben, dass sich an Straflenverldufen orientiert und nicht als reprasentativ (und

somit libertragbar) eingestuft werden kann.

Basierend auf den vorgestellten Konzepten zur reprisentativen Ausweisung von
Bodenlandschaften und Teilrdumen auf der Grundlage von nominal-skalierten Daten (hier der

Bodenkarte 1:50.000) wurden im Rahmen des SFB 299 zwei Methoden zur reprasentativen
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Auswahl von Tansekten fiir die geophysikalische Erkundung entwickelt: das Singleline- und das
Multiline-Konzept. Die Verfahren sind somit nicht an die Topographie gekniipft, sondern

orientieren sich an der rdumlichen Verbreitung der Bodenformen.

Die Singleline-Methode verbindet alle reprisentativen Bodeneinheiten innerhalb des
Untersuchungsgebietes iiber eine einzelne Linie, wobei jede Klasse per Definition lediglich
einmal vorkommen darf, um Redundanzen zu vermeiden. Im Gegensatz dazu verfolgt die
Multiline-Methodik die reprisentative Beprobung entlang von Ubergangsbereichen zwischen

einzelnen Bodenformen.

Da Transekte aus Liniensegmenten bestehen und diese wiederum aus Knotenpunkten, wurden
aus den nominal-skalierten Flichendaten in einem ersten Schritt Punktdatensitze generiert.
Hierzu wurden zwei Verfahren getestet: der Zentrumspunkt-Ansatz und der Zentrumsketten-
Ansatz. Als Zentrumspunkt wurde derjenige Punkt innerhalb einer Flache ausgewiesen, der am
weitesten von den Flachengrenzen entfernt liegt. Somit konnte im Gegensatz zum
Flachenschwerpunkt (wie er standardmafiig in GIS berechnet wird) sichergestellt werden, dass
der jeweilige Punkt nicht zu nah an einer Grenze zwischen zwei Bodenformen und damit im
Ubergangsbereich liegt. Im Falle des Zentrumsketten-Ansatzes wurde fiir jede Fliche im
Datensatz eine Linie auf Basis eines morphologischen Thinning-Ansatzes (ESRI, 2002)

ausgewiesen und in definierten Abstanden in Punkte zerlegt (Abb. 3.3).
~

Centroid approach

Centreline approach

. Centroid / points on centreline

Largest circle that can be placed inside a polygon
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Abb. 3.3: Schematische Darstellung der Arbeitsweise des Zentrumspunkt- und des Zentrumsketten-
Ansatzes zur Erzeugung definierter Punktdatensatze.

Zur Herleitung von Transekten auf Basis von Punktdaten bieten sich Verfahren aus dem Bereich
der Graphentheorie (Yellen und Gross, 1999) an, wie sie u.a. zur Losung des ,traveling

salesman“-Problems verwendet werden. Dabei wird der kiirzeste Weg durch eine Punktwolke
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gesucht, ohne einen Punkt mehrmals passieren zu miissen. Als Punkte konnen im Falle eines
reprasentativen Transekts die Flachenmittelpunkte der relevanten Raumeinheiten dienen. Im
Unterschied zur klassischen Frage des ,kiirzesten Wegs“ treten im Falle der Ausweisung

reprasentativer Transekte folgende Probleme auf:
- es gibt keine vordefinierten Start- und Zielpunkte /-raumeinheiten,
- Raumeinheiten kommen mehr als einmal vor,
- es werden nicht alle Punkte des Datensatzes betrachtet.

Des Weiteren miissen folgenden Kriterien erfiillt sein:
- jede Raumeinheitenklasse muss im Transektverlauf vorkommen
- jede Raumeinheitenklasse darf nur einmal im Transekt vorkommen
- das bzw. die Transekt(e) sollten moglichst kurz sein.

Fiir den Singleline-Ansatz wurde dazu auf Basis eines stochastischen Optimierungsverfahrens
(Spall, 2003) ein Suchalgorithmus entwickelt, der tiber einen definierten raumlichen
Nachbarschaftsraum die Verkniipfungspunkte des Transekts identifiziert und sukzessive das
Transekt aufbaut. Der Multiline-Ansatz basiert auf einer Nachbarschaftsanalyse der Bodenkarte,
wobei alle relevanten Nachbarschaftspaare iiber das kiirzeste Transekt auf Basis der
abgeleiteten Punkte verbunden wurden. Somit wird im Gegensatz zum Singleline-Ansatz eine

systematischere Abbildung der Ubergangsbereiche erreicht.

Detaillierte Analysen und Modellrechungen an ausgewdhlten Beispielen zeigen, dass der
Multiline-Ansatz etwas langere Transekte liefert, jedoch den Merkmalsraum in Bezug auf die
Haufigkeitsverteilung charakteristischer Reliefparameter umfassender beschreibt, da er - bei
der Anwendung auf eine bereits existierende Bodenkarte - enger mit dem Catena-Konzept nach

Milne (1935) verwandt ist.

Der Multiline-Ansatz kann dariiber hinaus eingesetzt werden, um Uberginge von
Bodengesellschaften in Landschaften zu untersuchen und aufderdem als Hilfsmittel zur

Abschitzung der Qualitdt von Bodenkarten eingesetzt werden.
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3.2 Datenhandling und Bodenprognose
3.2.1 Datenanalyse

(Manuskript 3, Geoderma 146: 138-146)

Mit der steigenden Verfiigbarkeit von Geodaten werden jedoch auch die Limitierungen von
Prognosemodellen in Hinblick auf die Integration einer mdoglichst grofden Anzahl
beschreibender Faktoren als auch einer hohen Stichprobendichte in Prognosemodelle aufgezeigt

(Liu und Motoda, 1998; Brighton und Mellish, 2002).

Redundanzen und verrauschte bzw. fehlerhafte Daten koénnen die Effektivitit von
Prognosemodellen bzw. die Qualitit von Prognosen negativ beeinflussen. Dies kann
insbesondere dann auftreten, wenn Rasterdaten als Lerngrundlage verwendet werden. In
diesem Fall wird jeder Pixel als Stichprobe oder ,Sample” verstanden (Bui et al., 1999; Shrestha
et al.,, 2004; Behrens et al., 2005). So konnen Lerndatensitze entstehen, die mehrere 100.000

»Samples“ enthalten.

Die aus dem Forschungsfeld des statistischen Lernens stammenden Verfahren ,Instance
Selection“ (Liu und Motoda, 2001) und ,Feature Selection” (John et al., 1994) beschaftigen sich
mit der effektiven Reduktion grofier Datenmengen. Dabei wird mit Hilfe der Verfahren aus dem
Bereich der ,Feature Selection“ versucht, die Dimensionalitidt (Anzahl beschreibender Attribute)
der Datensatze zu minimieren und relevante Attribute aus dem Gesamtdatensatz zu extrahieren.
Im Gegensatz dazu ist es das Ziel der Anwendung von Verfahren aus dem Bereich der ,Instance
Selection®, die Dimensionalitdt zu erhalten, jedoch redundante oder unscharfe Informationen

(Samples) aus dem Datensatz zu filtern (Abb. 3.4).

23



3

Abb. 3.4:

Uberblick zu den Veréffentlichungen
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Schematische Darstellung des Einflusses von , Feature Selection” (FS) und ,Instance Selection*
(IS) auf den Trainingsdatensatz bezogen auf die Dimensionalitit bzw. Stichprobengréfie

(gTD - Gesamtdatensatz, mTD - Trainingsdatensatz fiir die Modellierung).

Die Hauptfunktionen von ,Instance Selection“-Verfahren werden von Liu und Motoda (2001) als

Enabling, Focussing und Cleaning definiert. D.h., dass unter der Pramisse einer zielgerichteten

Minimierung eines Lerndatensatzes, bei gleichzeitigem Erhalt der Prognosequalitiat, die

relevanten Informationen herausgefiltert werden. Dartliber hinaus wird durch die Reduktion das

Verhalten der Prognoseverfahren optimiert.

Grundlage fiir die Modellierung waren Bodenkarten im Maf3stab 1:50.000 aus dem Pfalzer Wald

wobei jeweils ein Trainings- und ein Validierungsgebiet (je 40 km?2) ausgewiesen wurden. Beide

Gebiete verfiigen liber ein dhnliches Vergesellschaftungsmuster der Bodenformen und tiber eine

dhnliche geomorphologische Raumstruktur (Abb. 3.5).
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Darstellung des Attributraumes von Hangneigung, Kriimmung, Exposition und Hoéhe iiber

N.N. fiir das Trainings- und Validierungsgebiet.

In dieser Studie wurden zwei zufallsbasierte ,Instance Selection“-Verfahren in Kombination mit
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einem Entscheidungsbaumverfahren getestet. Der Vorteil von Entscheidungsbaumverfahren
liegt in ihrer generellen Robustheit gegeniiber hohen Attributdimensionen und Kollinearititen
(Loh und Vanichsetakul, 1988; Lagacherie et al., 2001; Scull et al., 2005). Somit bilden sie eine
optimale Grundlage fiir die systematische Analyse der getesteten Stichprobenverfahren, da der
Fokus direkt auf die Stichprobengrofle und die damit in Zusammenhang stehende
Prognosequalitit gelegt werden kann. Zu diesem Zweck wurden die Modellierungsergebnisse
aus proportional geschichteten Zufallsstichproben denen disproportional geschichteter
Stichproben gegeniiber gestellt. Proportional geschichtete Zufallsstichproben beziehen sich
dabei auf einen Algorithmus, der die relative proportionale Verteilung der Raumeinheiten
innerhalb eines Gesamtdatensatzes auf die definierte Trainingsmenge tibertragt. Im Gegensatz
dazu verfolgt die disproportional geschichtete Stichprobe eine Gleichgewichtung der einzelnen
Raumeinheiten. Die Effektivitit der Stichprobenverfahren und die optimale Datensatzgrofie
wurden anhand der Prognosegiite im Trainings- und Validierungsgebiet bestimmt. Zusatzlich
sind unterschiedliche Modellparametereinstellungen des Entscheidungsbaums getestet worden,
um auch diesen Einfluss auf die Prognosegiite quantifizieren zu kénnen.

Bezogen auf den Trainingsdatensatz mit 95.000 ,Samples wurden mit jedem
Stichprobenverfahren jeweils 500, 1000, 2500, 5000, 7500 und 10.000 ,Samples* in drei
unabhdngigen Wiederholungen gezogen. Methodisch wurden so drei unterschiedliche Ansatze

getestet:
- Prognoseergebnisse auf Basis der Modellrechnungen fiir den Gesamtdatensatz,

- Prognoseergebnisse auf Basis der Modellrechnungen fiir die proportional

geschichteten Stichproben,

- Prognoseergebnisse auf Basis der Modellrechnungen fiir die disproportional

geschichteten Stichproben.

Die Ergebnisse zeigen deutlich die Vorteile der Integration von ,Instance Selection“-Verfahren in
den Prozess der digitalen Bodenkartierung. So wird die Prognosequalitat einzelner Modelle
durch das systematische Ausdiinnen des Trainingsdatensatzes nicht nur erhalten sondern sogar
verbessert. Dies ist vorwiegend auf die Prozesse des Enabling und des Focussing
zurlickzufiihren. Durch die Reduktion des Trainingsdatensatzes wird die Komplexitit des
Modells herabgesetzt und dadurch das Generalisierungsniveau erh6oht. Somit ist die Effektivitat
des Modells direkt mit der Datensatzgrofde verkniipft. Durch die Minimierung von Redundanzen
und die Fokussierung auf relevante Informationen ist der Aufbau eines Modells méglich, das

durch Optimierung den Entscheidungsraum effektiver charakterisiert.

Basierend auf den erzielten Ergebnissen ist es moglich, die stindig steigende Datengrundlage

effektiv zu verwalten und in den Prozess der digitalen Bodenkartierung zu integrieren.
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Es empfiehlt sich weitere analytische Verfahren, wie z.B. ,Wilson editing” (Wilson, 1972; Behrens
et al., 2008), ,latin hypercube sampling” (Carre et al.,, 2007) sowie die mogliche Ableitung von
Prototypen (Wai et al, 2001) fiir weitere Optimierungen hinsichtlich der Prognosegiite in

zukunftigen Studien zu iiberpriifen.

Der Versuch, die inhaltliche Aussagenscharfe der Daten durch eine systematische Reduktion der
Trainingsdaten zu erhalten, ist direkt mit der Qualitat der Eingangsdaten verbunden. So geht
dieser Ansatz davon aus, dass rdumlich und inhaltlich genau kartiert wurde. Die Reduktion
bezieht sich damit auf die durch die Auflésung im Rasterdatensatz induzierte Redundanz von
benachbarten Informationen. Nach einem Zitat von Burrough und McDonnell (1998) - ,in
practice even the best-drawn maps are not perfect” - ist die rdumliche Aussagenscharfe von
bodenkundlichen Kartenmaterialien jedoch nicht immer einheitlich. Daraus erwéachst die
Forderung nach Algorithmen zur rdumlichen und somit inhaltlichen Korrektur von nominal-

skalierten digitalen Kartenwerken.

3.2.2 Datenkorrektur

(Manuskript 4, Digital Soil Mapping with limited data. Springer, published in 2008.)

Verfahren der digitalen Bodenkartierung sind in erster Linie von der Qualitdt der Eingangsdaten
abhingig. In vielen Anwendungen kommen jedoch zwangsldufig Daten mit unterschiedlichen
rdumlichen, zeitlichen und inhaltlichen Auflésungen zusammen und bilden im Rahmen ihrer
Integration in Prognosemodellen die Quelle unterschiedlichster Fehler (Robinson et al., 1984;
Lagacherie und Holmes, 1997; Heuvelink, 1998; Bishop et al., 2006). Die Datengrundlage nimmt
somit die wichtigste Position beziiglich der resultierenden Aussagenscharfe und
Interpretierbarkeit ein. Fiir die Prognose von Bodentypen im Landschaftsmafdstab stellen
digitalisierte Bodenkarten im Allgemeinen die wichtigste verfligbare Lerngrundlage dar.
Klassische Bodenkarten sind oft nach unterschiedlichen Normen und Kartierungstechniken
aufgenommen worden und, da sie expertenbasierte Werke darstellen, meist subjektiven
Einfliissen unterworfen (Burrough und McDonnell, 1998; Zhu et al., 2001, Moran and Bui, 2002).
Die damit verbundenen Ungenauigkeiten und Generalisierungen zeichnen sich meist

unmittelbar in den Grenzverlaufen nach (Burnett und Blaschke, 2003).

Im Rahmen von verschiedenen Studien wurde daher ein Verfahren entwickelt, dass die
Grenzverldufe von Bodenkarten oder Geologischen Karten mit Unterstiitzung der digitalen
Reliefanalyse anpasst. Die Funktionalitit des Verfahrens wurde anhand eines kiinstlich

erzeugten Datensatzes validiert und mit der Anwendung auf Ausschnitte der Bodenkarte
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1:50.000 von Hessen und einer Geologische Karte 1:1.000.000 der Republik Niger verifiziert.

Die Korrektur der Grenzverldufe in nominal skalierten Daten erfolgt auf Basis zweier
aufeinander folgender Arbeitsschritte im Rasterformat. Im ersten Schritt werden die unsicheren
bzw. ungenauen Datenbereiche detektiert und entfernt. Im Anschluss werden die entstandenen

Liicken mit Hilfe von raumlichen und nicht-rdumlichen Prognoseverfahren geschlossen.

Die Identifikation der Lageungenauigkeit der Grenzverldufe kann zum Einen uniiberwacht,
basierend auf einem rdumlichen Puffer erfolgen und zum Anderen iiberwacht, durch eine
Ausreifderanalyse in den Reliefparametern. Die Ausreifieranalyse erfolgt dabei fiir jede kartierte
Einzelfliche separat. Somit sind detaillierte Reliefinformationen ein entscheidendes Element
und nehmen eine ilibergeordnete Position ein. Fiir die Analyse wurden 25 Reliefattribute auf

Basis einer Reliefanalyse nach Behrens et al. (2008) abgeleitet.

Fiir eine stabile und nachvollziehbare Klassifizierung des Unsicherheitsbereichs werden neben
rdumlichen ,Nearest Neighbor“-Algorithmen unterschiedliche ,Data Mining“-Methoden, wie

Klassifikationsverfahren, ,Feature Selection” und Filtertechniken angewendet.

Durch die iterative Anwendung der Verfahren ist es moglich, eine plausible und valide
Grenzkorrektur vorzunehmen, wobei der Algorithmus die Anpassung unterbricht, sobald in der

nichsten Iteration keine signifikanten bzw. plausiblen Anderungen auftreten.

Die Abbildung 3.6 zeigt den iterativen Prozess der Anpassung einer ellipsiodalen Raumeinheit
auf Basis eines kiinstlichen hemispharischen Gelandemodells. Die sichtbaren Ungenauigkeiten
im Grenzbereich konnten nach 12 Iterationen entfernt und somit die rdumliche Aussagenscharfe

verbessert sowie die inhaltliche Genauigkeit konkretisiert werden.

DIdIDDDDD )

Abb. 3.6: Iterative Korrektur einer ellipsoidalen Raumeinheit auf Basis eines kiinstlichen hemisphérischen
Gelandemodells (Links: Ergebnisse nach 2, 4, 6, 8, 10 und 12 Iterationen, Rechts: Lage der
korrigierten Pixel).

Die erfolgreiche Kombination der Verfahren im kiinstlichen Datensatz wurde im nachsten
Schritt anhand einer Bodenkarte (1:50.000) im zentralen Teil Hessens iiberpriift. So zeigen die
Ergebnisse dort nur geringe Veranderungen in den Grenzziehungen und sind somit Beweis einer
entsprechend hohen rdumlichen Genauigkeit. Jedoch konnte mit Hilfe der entwickelten
Methodik die Lage einzelner Bodengesellschaften insbesondere in Ubergingen zwischen
(steilen) Unterhang- und Talbereichen korrigiert werden. Das grofée Potenzial des vorgestellten

Verfahrens liegt insbesondere in der Anwendung in Regionen mit einer geringen Verfiigbarkeit
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umweltrelevanter Informationen. So zeigt das Beispiel der Korrektur der Geologischen Karte im
Maf3stab 1:1.000.000 (Greigert, 1961) der Republik Niger anhand eines DGM 90 (SRTM, 2000)
die Vorteile der Methodik. In diesem Beispiel wird der zwingende Bedarf an relevanten
Reliefinformationen bezogen auf die Eigenschaften der zu korrigierenden Raumeinheit deutlich
und erfordert somit eine entsprechend ausgerichtete Analyse beziiglich der Abhangigkeiten der
jeweiligen Raumeinheit von den bestimmenden Reliefinformationen. Hier sind u.a. Verfahren
wie ,Instance Selection”, ,Feature Selection" und Maschinelles Lernen notwendig, wie sie in den
vorangegangenen Kapiteln diskutiert wurden. Daher ist die Komplexitidt des Ansatzes relativ
hoch. Zukiinftige Aufgaben betreffen daher die Erweiterung des Verfahrens zur effektiven und

zeiteffizienten Attributierung der ungenauen Datenbereiche.
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4 Zusammenfassung

Im Rahmen dieser Arbeit, die im Sonderforschungsbereich 299 (Landnutzungskonzepte fiir
periphere Regionen) der deutschen Forschungsgemeinschaft angesiedelt ist, wurden Methoden
und Konzepte entwickelt, die eine reprasentative Beprobung und hochauflésende
Regionalisierung von Bodeneigenschaften in grofien Landschaftsraumen (> 1000 km?)
ermoglichen. Der Hauptschwerpunkt lag dabei auf der Entwicklung einer mehrstufigen
Beprobungsstrategie in Kombination mit speziellen Verfahren aus dem Bereich des Data Mining
zur Regionalisierung von Bodeneigenschaften und Bodenformen. Untersuchungsraume waren
das Einzugsgebiet der Nidda in Hessen, der Pfilzer Wald in Rheinland Pfalz und eine Region

innerhalb der Republik Niger.

Im Rahmen der mehrstufigen Beprobungsstrategie wurde das Nidda-Einzugsgebiet im ersten
Arbeitsschritt (Manuskript 1) in homogene, nicht fragmentierte Teilrdume untergliedert. Die als
Grundlage fiir die Segmentierung vorliegende Bodenkarte 1:50.000 (HLUG) wurde mit Hilfe
einer moving-window-basierten Haufigkeitsanalyse ausgewertet und im Anschluss durch eine
rdumliche k-means Clusteranalyse Klassifiziert. Die Anzahl der Cluster, wie auch die Grofee des
moving-window, wurden semi-automatisch ermittelt. Damit konnten die Bodenlandschaften
Vogelsberg, Unterer Vogelsberg, Blidinger Wald, Norddstliche Wetterau, Stidwestliche Wetterau
und Taunus raumstatistisch voneinander getrennt werden. Somit stehen homogene
Bodenlandschaften fiir bodenkundliche Regionalisierungen zur Verfiigung deren Ergebnisse
eine hohe Informationsdichte liefern und damit den Beprobungs- und Analyseaufwand

minimieren.

Als notwendiger Zwischenschritt zur rdumlich reprdsentativen Beprobung wurden innerhalb
der Bodenlandschaftssegmente reprasentative Teilrdume nach einem im SFB 299 entwickelten

Verfahren mit einer Grofie von 3x3 km ausgewdhlt.

Im ndchsten Arbeitsschritt konnten somit Methoden zur reprdsentativen Auswahl von
Transekten fiir die geophysikalische Erkundung entwickelt werden (Manuskript 2). Das
Singleline-Verfahren erfasst alle Raumeinheiten entlang eines einzelnen Transekts im
reprasentativen Teilraum. Die Multiline-Methodik weist mehrere Transekte entlang definierter
Ubergangsbereiche zwischen einzelnen Bodenformen im reprisentativen Teilraum aus.
Statistische Analysen und Modellrechungen zeigten, dass der Multiline-Ansatz etwas langere
Transekte liefert, jedoch den Merkmalsraum in Bezug auf die Haufigkeitsverteilung
charakteristischer Reliefparameter wie Hangneigung, Exposition und Hohe iiber Tiefenlinie

umfassender beschreibt.

In einem weiteren Schwerpunkt wird in dieser Arbeit die Eignung von Stichprobenverfahren im

Umgang mit redundanten, ungenauen (verrauschten) und grofien Lerndatensitzen adressiert,

29



4 Zusammenfassung

wie sie bei der Verwendung gerasterter Bodenkarten als Lerngrundlage auftreten kénnen
(Manuskript 3). Durch die Anwendung von unterschiedlichen zufallsbasierten
Stichprobenverfahren wurde eine Fokussierung auf relevante Informationen ermdoglicht und

damit die Prognosequalitdt um bis zu 12% verbessert.

Klassische Bodenkarten wie auch Geologische Karten sind, da sie expertenbasierte Werke
darstellen, meist subjektiven Einfliissen unterworfen. Die damit verbundenen Ungenauigkeiten
und Generalisierungen zeichnen sich meist unmittelbar in den Grenzverldufen nach. Zur
Verbesserung der Grenzverldufe wurde daher im Rahmen dieser Arbeit ein rasterbasiertes
Verfahren entwickelt (Manuskript 4). Dabei werden die Unsicherheiten analysiert und an das
Relief eines hoher aufgelosten Hohenmodells angepasst. Das Verfahren zeigt am Beispiel einer
Bodenkarte (1:50.000) im Nidda-Einzugsgebiet sowie einer Geologischen Karte der Republik
Niger (1:1.000.000) eine plausible Korrektur der Grenzbereiche, wodurch Fehler und Artefakte

in prognostischen Modellen verringert werden kénnen.

Die vorgestellten, modular einsetzbaren Methoden ermdglichen in kombinierter Anwendung
eine reproduzierbare und objektive Gliederung der Landschaft in Segmente, eine valide
Identifikation reprasentativer Teilrdume und Transekte, sowie eine qualitativ verbesserte
Geodaten-Basis flir die Anwendung in Boden-Landschaftsmodellen. Somit kénnen auch in
Grof3landschaften valide, hochaufgeloste bodenkundliche Informationen flichendeckend und

effizient zur Verfiigung gestellt werden.
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5 Summary

This thesis is part of the Collaborative Research Centre (SFB) 299 - Land Use Options for
Peripheral Regions founded by the German Research Foundation (DFG). The general aim was to
develop methods and concepts for representative sampling and high-resolution digital soil
mapping in large-scale landscapes (>1000km?). The main focus was on the development of a
multi-stage sampling scheme in combination with data mining techniques in order to regionalize
soil properties and soil classes. The main study areas included the Nidda catchment in Hesse,
Germany, the Pfilzer Wald in Rhineland-Palatine, Germany, and one region in the Republic of

Niger.

As a first step of the sampling scheme (see manuscript 1) the Nidda catchment was divided in
homogeneous, non-fragmented segments. The 1:50.000 soil map (HLUG), which served as a
basis for the segmentation, was evaluated by a moving-window frequency distribution analysis
and subsequently classified by a spatial k-means cluster analysis. The number of clusters as well
as the size of the moving window were determined semi-automatically. Based on this approach
the soilscapes Vogelsberg, Lower Vogelsberg, Forest of Blidingen, North-East Wetterau, South-
West Wetterau and Taunus could be statistically separated. Thus homogeneous soilscapes for
the additional use of digital soil mapping approaches were generated. Based on a patch sampling
method developed in the SFB 299 representative patches were derived. The spatial extent of

each patch was 3x3 km.

The second step covers the development of methods for a representative generation of transects
for geophysical surveys (see manuscript 2). The so called Singleline approach includes all spatial
units along a single transect in a representative subspace. The Multiline method designates
several transects along defined transition zones between different soil types in a representative
subspace. Statistical analyses and model calculations showed that the Multiline approach
generates longer transects. With regard to the frequency distribution of characteristic terrain
attributes such as slope, aspect and local elevation, however, it describes the feature space more

thoroughly.

Further, this thesis focused on an objective and reproducible improvement of the prediction
quality of soil information. Traditional soil maps have been compiled with different standards
and mapping techniques and, as expert-based values, they are generally affected by subjective
influences. The resulting uncertainties and generalizations have a direct effect on the
boundaries. Therefore, a raster-based approach was developed in order to adjust the boundaries
(see manuscript 3) on the basis of higher resolution terrain attributes. This method produced a
plausible adjustment of the boundary regions for a soil map of the Nidda catchment (1: 50.000)
and a geological map of the Republic of Niger (1:1.000.000). As a result, errors and artefacts in

31



5 Summary

predictive models can be reduced.

The last part of this work focused on the combination of sampling schemes and predictive
models and their application in order to handle redundant, uncertain (noisy) information in
large datasets, as they tend to occur when existing, rasterized soil maps are used as a training
base (see manuscript 4). By applying different randomized sampling procedures focussing on

relevant information and improving prediction quality up to 12% was enabled.

Based on the modular structure of the methods introduced, it is possible to obtain a
reproducible and objective segmentation of the landscape, a valid identification of
representative subsets and transects and an improved quality of the geodata basis used for soil-
landscape-modelling. Therefore, comprehensive and valid high-resolution soil scientific

information can be provided even for large scale landscapes.
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Abstract

Digital soil mapping for large areas is challenging if mapping resolution should be as high as
possible and sampling should be as sparse as possible. Generally, the more diverse a landscape
is, the more samples are required to systematically cover the entire feature space. Moreover, if
soil sensing approaches like ground penetrating radar are used in a combined soil sensing and
mapping approach in large areas it is important to systematically segment the landscape and to

derive representative sensing sites.

Segmenting a landscape as introduced in this study is the first part of a stacked sampling scheme
to collect representative soil data for digital soil property mapping, developed in the
Collaborative Research Centre (SFB) 299 of the German Research Foundation (DFG). It is
followed by deriving representative patches and transects for linear operated soil sensing
techniques. We introduce a semi-automated method to segment nominal spatial datasets based
on the local spatial frequency distribution of the mapping units aiming to provide homogeneous
and non-fragmented segments with smoothed boundaries. The methodological framework for
segmentation comprises different spatial and non-spatial techniques and is mainly focussing on

a moving window analysis of the frequency distribution and a k-means cluster analysis.

Based on an existing soil map at a scale of 1:50.000 in the highly diverse Nidda catchment, Hesse,
Germany, comprising an area of 1600 km?, we derived six segments and compared these with a
map of landscape units (1:200.000), comprising eight main landscape units within the
catchment. Comparisons with respect to the distribution of soils and parent materials reveal that
the proposed approach returns spatial segments with a higher homogeneity in terms of feature
space. Similar results were obtained by analyzing the feature spaces of different terrain

attributes.
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As segmentation is based on a soil map, soilscapes are derived. These can not only be used for
sampling purposes, but are of importance for a variety of environmental issues such as

biodiversity and ecosystem analyses or characterization of hydrological units.

1 Introduction

The combination of soil sampling, soil sensing, and soil mapping techniques is a challenging key
technology, aiming to map soil properties, functions, and threats, on resolutions as high as
possible, for areas as large as possible, and with the highest accuracies possible (Werban et al.,
2008). As soil sensing techniques like ground penetrating radar cannot be operated across large
landscapes entirely (Gerber et al, 2007) the question arises where to operate the sensing

techniques to achieve accurate and transferable extrapolation results.

Based on successful applications of treating soilscapes independently as a basis for adapted
digital soil mapping approaches (McBratney et al, 1991) it seems reasonable to segment the
landscape into soilscapes prior to mapping. Thus, it is important to develop concepts and
techniques for automatically generating soilscapes - or landscape segments in general - as

pedometrical tools.

The need to segment a landscape into soilscapes as a basis for digital soil mapping stems from
the tremendous complexity of soils in landscapes (McSweeny et al., 1994). Thus, McSweeny et al.
(1994) proposed to set up a hierarchical multi-stage strategy to explain the variability of soils
and soil properties in space. This follows the concept of pedology pointing to the fact that soil
resource assessments cannot be made unless the patterns of associations of soils are known
(Pullan, 1969). This issue is recognized in pedology since the early 20t century (e.g. Milne, 1935;
Jenny, 1941; Ruhe, 1956; Butler, 1959; Schmidt, 1975). Following this concept, the first aim in
mapping larger areas should be to account for soil association patterns as a basis to segment

landscapes.

One data source providing landscape segments in Germany is the map of landscape units
(Naturraumliche Gliederung) available at a scale of 1:200.000 (Meynen and Schmithiisen, 1953),
an approach comparable to land systems mapping introduced by Stewart and Perry (1953).
Landscape units divide the landscape on the basis of geological, geomorphological, and
ecological settings. Thus, using the map of landscapes units seems to be an obvious choice in

terms of stratifying the landscape for soil sampling.

However, concerning soil sampling the delineation of the map of landscape units might not be
appropriate as soil spatial pattern and other ecological characteristics used for mapping such as
species number and their spatial distribution might vary differently (Meynen and Schmithiisen,

1953). Thus, for segmenting landscapes as a basis for soil sensing in soil mapping studies other
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approaches should be considered.

One approach might be a landform classification based on digital elevation models (DEM) as
described by many authors (cf. Kundert, 1988; Dikau, 1992; Friedrich, 1996; Moéller et al., 2008).
Concerning landform classification, these terrain-based approaches are only appropriate for
finer scales and/or hierarchical dimensions as they mainly focus on deriving terrain facets
instead of segmenting larger homogeneous terrainscapes from one another. Therefore, we
examine the possibility to segment a landscape on the basis of an existing soil map 1:50.000,
comprising all factors of soil formation, to derive soilscapes, a term introduced by Buol et al.
(1973) and conceptually extended by Hole (1978) in the context of pedology, pointing to areas
with a homogeneous composition of soils. This seems most appropriate for further subsequent
soil sampling and soil mapping schemes aiming at higher resolutions and scales as provided by
the soil map used for segmentation. Technically, we apply a moving window based analysis of
the local soil class frequency distribution with cluster analysis approaches. In terms of
feasibility, e.g. for ground penetrating radar sensing along transects, these segments should be

spatially non-fragmented and consist of smooth boundaries.

The approach presented here was developed as a first step of a stacked or multi-stage sampling
approach for digital soil property sensing and mapping based on GPR surveys within the
Collaborative Research Centre (SFB) 299 of the German Research Foundation (DFG). The entire
sampling scheme consists of three independent steps: first, the delineation of soilscapes as
introduced in this study, which aims at deriving different homogeneous soilscapes for separate
surveys. Second, the detection of representative patches (Behrens et al.,, 2008a) within these
units to reduce the investigation area while preserving the information content, and third, the
computation of representative transects for surveys with linear operated soil sensing techniques
(Behrens et al., 2008b). Following, soil sensing spatial data mining approaches can be applied for

mapping (Schmidt et al., 2008).

We compare the soilscapes derived with the landscape units of the existing map of landscape
units in terms of soil class distribution, the distribution of parent material based on a geological

map, as well as the feature spaces of different terrain attributes.

2 Study area

The study area - the Nidda catchment - comprises about 1600 km2 and is located in the German
mid-latitude landscapes in Hesse, north of Frankfurt/Main (cf. Fig. 1). Due to its large extent it
covers landscapes with different geological, geomorphological, and ecological settings such as
the Taunus as part of the Rhenish Massif, parts of the Vogelsberg, the largest basalt formation in

Central Europe, the Wetterau loess landscape, and the Biidinger Forest characterised by Triassic
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bunter beds.

The soil classes found can mainly be described by Cambisols on different substrates, covering
about 27 % of the Nidda catchment, as well as Luvisols and relictic Chernozems with a coverage

of about 11 % in association with Stagnosols.

The average precipitation varies between 400 and 1000 mm (HLUG, 2008) due to the

differences in altitude of about 600 meters.

The slightly undulating Wetterau, an extension of the Upper Rhine Graben, is very fertile and
thus one of the oldest cultural landscapes of Germany (Kalis et al, 2003), whereas the

surrounding steeper landscapes are dominated by forest usage.

3 Materials and methods

3.1 Datasets

As basis to segment the landscape of the Nidda catchment we used a soil map 1:50.000 of Hesse,

Germany (BFD50).

The map of landscape units (Naturrdumliche Gliederung) (1: 200.000) of Germany (Meynen and
Schmithiisen, 1953) provides landscape units with a uniform distribution of ecological,
geomorphological, and geological settings. It is used as a reference to evaluate the soilscapes
derived. Therefore, we compare it with the segmentation approach as introduced in this study in
terms of environmental feature spaces such as relief, parent material, and soil class distribution.
The mapping approach is based on a hierarchical system of orders to allow interpretations of
local, regional, and countrywide differences. We use the 4t order of the hierarchical system,
comprising eight units within the Nidda catchment (cf. Fig. 1) as reference. In contrast, the lower
orders are too coarse in terms of a reasonable segmentation and the finest (5th) order comprises
about five times as much units. Thus, they will not be considered for separate soil sampling

schemes.
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Fig. 1. Map of landscape units in the Nidda catchment (1600km?, Hesse, Germany; Klausing,
1988).

Based on the concept of subsequent high resolution digital soil mapping approaches mainly
focussing on terrain attributes (McBratney et al., 2003; Behrens et al., 2008c) the feature space
of different terrain attributes derived from a DEM with a resolution of 20 m is analyzed to
identify and describe the characteristics of each soilscape. We derived slope (Tarboton, 1997),
cosine transformed aspect (Horn, 1981), mean curvature (Zevenbergen and Thorne, 1987), and
local elevation (Behrens et al.,, 2008c), which are easily to interpret and classically used as
indicators for mapping soil distributions. Additionally, we compared the distance to drainage

channels.

Parent material distribution as derived from a geological map (1:300.000) serves as an

independent dataset for analyzing the soilscapes derived.

3.2 Spatial segmentation

Following the aim of automatically deriving homogeneous non-fragmented soilscapes with
smooth boundaries for digital soil sensing and mapping purposes, different spatial and non-
spatial techniques have to be applied. The approach demonstrated in this study is mainly based
on a moving window analysis of the frequency distribution of the soil classes and a k-means

cluster analysis. Additionally, the optimized window size has to be found which determines the
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smoothness of the boundaries as well as the degree of spatial fragmentation.
3.2.1 Local frequency distribution analysis

The local frequency distribution (spatial arrangement/spatial association) of soil classes is the
crucial element of the landscape segmentation approach. Therefore, a moving window approach
was implemented to compute the frequencies of all soil classes of a map within each window
analyzed. Each soil class frequency is then used as a feature in a cluster analysis. We tested

window sizes of 250 m, 500 m, 1000 m, 2000 m, ..., and 10.000 m.

3.2.2 Spatial k-means cluster analysis

K-means cluster analysis (MacQueen, 1967) is a well-known approach of unsupervised learning.
The aim is to compute groups with high interclass variance and small intraclass variance
(Webster and Beckett, 1968; Everitt, 1980). The number of clusters has to be defined by the

user.

To find an optimum number of soilscapes we tested 3 to 10 classes for each window size. This
was done in relation to the eight classes found in the map of landscape units within the Nidda

catchment. More than 10 classes had not been tested in terms of feasibility.

In combination with the fragmentation analysis (cf. Chapter 3.2.3), which returns the optimized
widow size, we derived the optimized number of classes by calculating the mean perimeter over

the soilscapes.

3.2.3 Fragmentation analysis

Using small window sizes apparently returns a more fragmented shape than larger window
sizes, as more local noise or hot spots will be averaged out with larger window sizes and more
homogenous regions will be returned. Thus, fragmentation analysis is a key element in the

approach introduced.

We use the change in the overall perimeter of the soilscapes derived as the criterion to
determine the optimal window size and thus the fragmentation. As the perimeter decreases with
larger window sizes the optimum window size is found when it stops changing significantly even
if the window size is further enlarged. Therefore, an interpretation of the window size vs.

perimeter curve is required.

4 Results and discussion
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4.1 Spatial cluster analysis

The analysis of the local spatial association of soils reveals an optimum of six soilscapes. The size
of the window was set to 5 * 5 km based on the results of the fragmentation analysis. As the
objective of this study was to develop a (semi-)automated approach, we chose perimeter
measures to evaluate and quantify the optimized number of soilscapes and the optimized
window size (cf. Chapter 2.2 and 2.3). Fig. 2 (a) shows the results for finding the optimized
window size and Fig. 2 (b) for the number of classes respectively. It can be seen that for window
sizes >= 4000 m the mean perimeter is not further increasing significantly and thus window
sizes between 4000 m and 6000 m seem to be appropriate. Based on the fragmentation we
chose a final window size of 5000 m. Examples for window sizes of 250 * 250 m, 2000 * 2000 m,

and 5000 * 5000 m are given in Table 1.

10000 -

8000 -

6000 -

4000 +

Mean perimeter (km)

2000

0 T T T T T T T
250 500 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Window size (m)

240,0

220,0 +

200,0

180,0

160,0 +

140,0 +

Mean perimeter per class (km)

120,0

100,0

Cluster

Fig. 2. (a) Fragmentation analysis based on the mean perimeter per window size resulting in
an optimum window size of 5000 m (dashed grey line) and (b) optimal number of
clusters based on the mean perimeter per class for a window size of 5000 m (dashed
grey line).

The analysis for the optimum number of classes by means of the perimeter per class returned 7

clusters. From 3 up to 7 classes the mean perimeter per class decreases strongly. From 7 classes

onward this decrease is diminishing, indicating that the soilscapes become more complex in
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shape. As the aim of this study is to provide a reasonable number of homogenous and non-

fragmented soilscapes we chose 7 classes for the further analysis (cf. Table 1).
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Table 1

Different classification results based on window sizes of 250 m, 2000 m and the final map

with the optimal window size of 5000 m and the corresponding fragmentation level.

Spatial
distributi
on

Window

size 250*250 m 2000 *2000 m 5000 * 5000 m

Class
areas 1008 92 6
count

Due to the moving window based analysis approach the pixels located at the boundary of the
Nidda catchment contain No Data values. Consequently, one of the 7 classes covers the entire
boundary region and was therefore removed by means of Euclidian allocation. The final map of

soilscapes as shown in Fig. 3 contains 6 classes.

3465000 3480000 3495000 3510000

Legend:

[ ] Forest of Budingen (FB)
|:| Taunus (T)

[ Lower Vogelsberg (LVB)
[ ] Vogelsberg (vB)
- Wetterau (WNE)
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5585000
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5570000
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Fig. 3. Soilscapes of the Nidda catchment based on the soil map 1:50.000.
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Even though not all boundaries of the derived soilscapes can directly be related to the units of
the map of landscape units it is possible to assign landscape names to the six soilscapes of the
Nidda catchment, which are: the Taunus (7T), the Lower Vogelsberg (LVB), the Vogelsberg (VB),
the Forest of Biidingen (FB) and the two soilscapes of the Wetterau (WSW and WNE) .

4.2 Analysis of the soilscapes
4.2.1 Soils

Based on the different classification steps with 3, 4, 5, and 6 resulting soilcapes (clusters, Fig. 4)
the Vogelsberg (VB) differs from the other soilscapes as it is separated with almost the same

delineation in all steps.

Fig. 3.4. Segmentation results for 3 (a), 4 (b), 5 (c) and 6 (d) clusters

The predominant soils found in the Vogelsberg (VB) are Cambisols covering about 38 % of the
entire soilscape and Stagnic Luvisols with a coverage of 19 % both formed on Pleistocene
Periglacial Slope Deposits (PSD) consisting of Loess intermixed with weathering products of

Basanite.

" To avoid confusion with the naming schemes of the soilscapes and the landscape units the soilscapes are ab-
breviated with italic letters, whereas the landscape units are abbreviated with regular letters (cf. Chapter 5.3).
Additionally, the full names are always provided.
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The soilscape following in the west - the Lower Vogelsberg (LVB) - is characterized by an almost
exact inversion of the frequencies of the soils found in the Vogelsberg (VB) (33 % of Stagnic
Luvisols and 17% of Cambisols). Furthermore, the percentage of colluvial soils rises from 0.8 %

to 9 %. Both soilscapes can be found in almost all classification approaches.

With an increasing number of soilscapes (n > 4; cf. Fig. 4) in the classification approach the
Wetterau (WSW / WNE) differs from its surroundings. In the southwest part the Wetterau
(WSW), which is “the Wetterau” in the strict sense, is dominated by soil associations formed on
Loess (> 50 %) such as Humic Luvisols (17 %) and (relictic) Chernozems (11 %). The northeast
Wetterau (WNE) holds an intermediate position between the southwest Wetterau (WSW) and
the Lower Vogelsberg (LVB). The soilscape is characterized by soils formed on Loess as well as
on PSD consisting of weathering products from Loess and Basanite, pointing to higher erosion

rates compared to the southwest Wetterau (WSW).

The Taunus (T) is located in the western part of the Nidda catchment. It is dominated by

Cambisols (42 %) associated with stagnic Luvisols (13 %) formed on Slate and Loess.

The Forest of Biidingen (FB) - located between the Higher and the Lower Vogelsberg (LVB) as
well as the Wetterau - consists of stagnic Luvisols (24 %) and (podsolic) Cambisols (22 %)

formed on substrates from bunter.

The segmentation of the Nidda catchment into soilscapes is thus mainly based on differences in

parent material and the spatial distribution of Loess and PSD.

4.2.2 Feature spaces analysis

The feature space analysis provides further details about the soilscapes derived as well as
information about differences in the geomorphological settings, helping to interpret the purpose
of the segmentation for a stacked sampling approach in digital soil sensing and mapping mainly

based on attributes from digital terrain analysis.

Fig. 5 shows box-plots and kernel density functions of the distribution of terrain attributes for
each soilscape. It can be seen that the Forest of Biidingen (FB) has the strongest relief
characterized by the steepest slopes, the highest differences in elevation, and the widest range of

curvature.

The Vogelsberg (VB) shows an intermediate relief in terms of steepness, local elevation,
drainage network density and curvature. A spatial anisotropy in aspect due to the radial nature

of the volcano is revealed.

The generally weakest relief is found in the Wetterau (WSW / WNE). The north-eastern part is

slightly steeper and has a larger curvature bandwidth. Therefore, the potential for erosion is
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higher, so that consequently less loess can be found at present (cf. Chapter 2.1).

Together with the Vogelberg (VB) the Taunus (7) has the highest drainage density due to their
Tertiary and Devonian nature compared to the other soilscapes influenced by Pleistocene Loess

accumulations.

For all terrain attributes the Lower Vogelsberg (LVB) holds an intermediate feature space

between the Vogelsberg (VB) and the Wetterau (WNE).

Generally, all soilscapes can be described and distinguished by interpreting the terrain features.

Thus they should be treated separately in digital soil sensing and mapping approaches.
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Fig. 5. Feature space analysis (box plot and kernel density plot) for relevant terrain attributes
(slope (a), local elevation (b), aspect (c), drainage distance (d), mean curvature (e)) for the
soilscapes: Forest of Biidingen (FB), Vogelsberg (VB), Lower Vogelsberg (LVB), Wetterau (WSW),
Wetterau (WNE) and Taunus (7).

4.3 Comparison of soilscapes and landscape units

The major units of the map of landscape units in the Nidda catchment are: the Hohe Vogelsberg
(HVB), the Untere Vogelsberg (UVB), the Vordere Vogelsberg (VVB), the Wetterau (W), the Hohe
Taunus (HT), the 6stliche Hintertaunus (ET), the Biidinger Wald (BF), and the Biidinger-
Meerholzer Hiigelland (BML) (Fig. 3.1).

Fig. 6 shows the overlay of the landscape units with the soil map and the geological map in

comparison to the soilscapes based on the original legends provided by the HLUG for visual
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interpretation. Important results of the statistical analysis are provided in the following.

The Vorderer Vogelsberg (VVB) cannot be correlated to the soilscapes derived, as there is no
clear differentiation in terms of the distribution of the dominating soils. Like the Untere
Vogelsberg (UVB) it is also dominated by Cambisols (25 %) and Stagnic Luvisols (15 %). Thus, in
terms of sampling both landscape units overlap and would therefore produce redundant and

uncertain information.

Geologically the Biidingen-Meerholzer Hiigelland (BML) (cf. Chapter 4) could be differentiated
from the Bilidinger Wald (BF) and the Wetterau (W). Yet the high amount of Loess as parent
material for soil formation produced a Stagnic-Luvisol association (22 %) as found in the Untere

Vogelsberg (UVB) and the Northeast Wetterau (WNE).

The Wetterau (W) as mapped in the map of landscape units is dominated by Humic-Luvisols (13
%) and Luvisol-Tschernosems (8 %). This corresponds almost exactly to the soilscape
Southwest Wetterau (WSW). Yet, the latter is smaller and more homogenous as two dominating
soils have a higher percentage (17 % and 11 % compared to 13 % and 9 %). Thus, the
differentiation on terms of the distribution of soils provided by the map of landscape units is not

as precise as achieved by the proposed approach.

The Hintertaunus (ET / T) and the Forest of Biidingen (BF / FB) can be found in both the map of

landscape units and the map of soilscapes and do overlap in large extents.
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Fig. 6. Comparison between the soilscapes (a, b) and the geographical classification of natural
landscapes (c, d) with the geological map 1: 300.000 (b, d) and the soil map 1:50.000 (a,

c).
The analysis shows that compared to the map of soilscapes the landscape units does not
differentiate the distribution of soils as well, which is due to the different concepts and the fields

of application.

Some small units provided by the map of landscape units cannot be found in the map of
soilscapes. This is a result of the statistical approach and an important limitation which has to be
addressed in further segmentation approaches. A simple solution might be to extend the area, as

the small landscape units in the Nidda catchment are offshoots of larger areas.
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4.4 Comparisons to the units of the geological map

The overlay of the soilscapes with the geological map reveals a strong visual correlation
between the soilscapes on the one hand and the distribution of parent material on the other (Fig.
6). This serves as a validation scheme of the plausibility of the approach proposed. Following the
discussion above, additional landscape units might have been derived in terms of differences in
parent material. This is for example the case for the Biidingen-Meerholzer Hiigelland (BML) in
the southeast as accounted for in the map of landscape units (Fig. 6), and also for the so-called
Vorder-Taunus. Yet, in terms of size and spatial distribution there might have been additional
units which could have been differentiated on the same aggregation level. One example is the
Heldenberger Wetterau (located in the Wetterau (W) at the boundary to the Biidingen-
Meerholzer Hiigelland (BML)) as shown in the next hierarchical level of the map of landscape
units, which is characterized by sandstones in large parts. Thus, - including the analysis on
Chapter 3.1 - both the map of soilscapes as well as the map of landscape units might be
differentiated in more detail. Yet, in terms of the basic idea behind the study and the strong
correlation to the distribution of the geological units the aggregation level of the map of

soilscapes seems to be appropriate based on the boundaries of the Nidda catchment.

The comparison of the spatial distribution of substrates for each soilscape and each landscape

unit reveals surprisingly high similarities between:

the Forest of Biidingen (FB) and the Bidinger Wald (BF) with more than 60 % of

sandstones,

- the Taunus (T) and the Ostliche Hintertaunus (ET) with about 75 % of shale and

sandstone,

- the Vogelsberg (VB) and the Hohe Vogelsberg (HVB) with 75 % to 80 % of Basanite
and Alkaline Basalt,

- the Northeast Wetterau (WNE) and the Vordere Vogelsberg (VVB) with 30 and 47 %

of Basanite and about 18 % of Loess,

- as well as the Southwest Wetterau (WSW) and the Wetterau (W) with 46 to 50 % of

Loess and 14 % of fluvial sediments.

Within the map of landscape units the Untere Vogelsberg (UVB) and the Vordere Vogelberg
(VVB) are very similar with 57 % and 47 % of Basanite and Alkaline Basalt and 23 % and 18 %

of Loess influenced substrates.

The Southwest Wetterau (WSW) soilcape which strongly correlates with the Wetterau (W) of the
map of landscape units contains 5 % more Loess substrates than the latter. It is therefore

separated better from the surrounding units.
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Thus, even on the basis of the Geological map the delineation of the soilscapes seems more

plausible than the landscape units provided in the map of landscape units.

4.5 Technical discussion

The approach to segment a soil map into soilscapes is mainly based on two parameters which
have to be fitted: the size of the moving window and the number of classes or segments.
Depending on the landscape situation the number of classes is the major component. In this
study it is based on the analysis of shape parameters and the aim to derive meaningful segments

as small as possible. Thus, it can be seen as a flexible approach in landscape segmentation.

A crucial point is the fragmentation of the soilscapes. For feasibility fragmentation should be as
low as possible. However, abrupt changes in soil distribution might be smoothed out due to low

fragmentations. Thus, results should be interpreted in terms of fragmentation.

Additionally to fragmentation, further research in landscape segmentation based on existing soil
maps should also be tested accounting for taxonomical distances between the soil classes for

better delineations that might be shifted due to a soil class and moving window based approach.

As described above, small soilscapes, which are important in terms of soil taxonomy but
underrepresented in spatial extent, are not accounted for due to the statistical approach based
on frequency distributions. Hence, regions outside the current study area should also be

included in the segmentation approach to avoid this problem.

5 Conclusions

In this paper we propose an approach to segment landscapes into soilscapes based on existing
soil maps. The aim was to derive homogeneous, non-fragmented units with well-defined soil
associations. The approach was developed as the first step of a stacked sampling scheme as a
basis for digital soil sensing and mapping within the Collaborative Research Centre 299 of the

German Research Foundation.

Based on a spatial moving window frequency analysis in combination with a k-means cluster
analysis we derived six representative soilscapes, which, in terms of the geological and
topographical homogeneity seems to be more appropriate than the delineation of landscape
untis as found in the map of landscape units. This mainly results from focussing on pedological
aspects instead of (additional) parameters such as species numbers and distributions. Hence, the
proposed approach is superior to characterize soilscapes and thus suitable as a basis for

subsequent separated sensing and mapping approaches.
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The method might also be used to characterize landscapes for various purposes in landscape-
scale soil and environmental research (Pennock and Veldcamp, 2006) from hydrological
mapping (Sonneveld, et al, 2006) to pedogenetic and soil-landscape evolutionary models

(Minasny and McBratney, 2006).

Methodologically, taxonomical differences between soil classes should be considered in future

studies to allow for optimized delineations.
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Abstract

This paper introduces two concepts for generating representative transects as a basis for
optimized linear operated proximal soil sensing surveys in large areas. The general approach is
based on nominal spatial datasets in terms of stratified sampling. The aim is to provide transects
covering all relevant feature combinations within an investigation area over the shortest
possible distance, in order to obtain typical, valid and transferable datasets for spatial
predictions in digital soil mapping. The first concept focuses on finding a single shortest transect
based on randomized searches whereas the second concept generates multiple transects and
follows the idea of a more holistic information retrieval such that all relevant interclass
transitions of the spatial stratification could be recorded - again over the shortest possible
distance(s). The crucial step in computing transects is the location of the transect nodes. We
compare and discuss an approach based on the centre point of each class-area in a map that is
furthest from the boundaries and an approach where a centreline of points is generated for each

class-area.

The methods are applied and compared within representative soil map patches as stratification
information of six soilscapes in the Nidda catchment (Hesse, Germany). The random component

to delineate single transects is additionally tested on 9 artificial random datasets.

The results show that the multiple transect approach returns longer transects, but covers the
feature space in terms of the frequency distribution of underlying terrain attributes more
comprehensive as it is closer related to the catena concept when applied on an existing soil map.
In terms of computation time, transect length, and feature space description, a combination of
the multiple transects and the centreline of points approaches must be recommended. However,

there is a trade-off between transect length on the one hand and computation time and feature
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space description on the other hand which might lead to choose the single transects concept
based on the centreline approach. Thus, the decision whether to use a single transect or multiple

transects depends on comparing cost effectiveness and obtainable information.

Representative shortest transect sampling can be useful for data collection in digital soil
mapping frameworks in order to achieve valid prediction results when linear operated proximal
soil sensing techniques are used. Furthermore, the multiple transects approach can be used to
investigate important soil-association transition zones in a landscape and can serve as a tool for

boundary quality estimations of existing soil maps.

1 Introduction

Based on the economic and ecologic pressure to estimate and handle the impacts of global
climate change, the demand for high resolution soil property data for large areas is strong and
growing. In contrast, efficient sampling and mapping at high resolutions < 20m for areas
comprising more than 100 km? is challenging. One of the most promising approaches is
combining proximal soil sensing and digital soil mapping techniques (McBratney et al., 2000,
2003; Behrens and Scholten, 2006; Viscarra-Rossel et al.,, 2007). Opposed to the field scale
surveys for precision agriculture where high density soil sensing is easily possible the
application of proximal soil sensing techniques is ambitious for larger areas especially when
operated along transects in larger soilscapes and across different landuse classes. Thus, the first
step for a fast and cost effective creation of high resolution soil property data for large areas is to
generate optimized transects, which should be as short as possible and representative for the

investigation area.

In ecology line transect sampling (Burnham et al., 1980; Jensen, 1996; Manly, 2002) is a well-
known method to acquire spatially distributed and correlated information (Hedley and
Buckland, 2004) where most approaches focus on estimating the density of animal or plant
populations in a study area (Stoyan, 1982; Drummer and McDonald, 1987). In soil science the
catena concept is a well-known approach to derive qualitative and quantitative models
(Hoosbeek and Bryant, 1992; Sommer and Schlichting, 1997; McBratney et al., 2003). Transects
have been used for soil surveys especially in areas with poor access (Acres et al.,, 1993). For
reconnaissance soil surveys in tropical forests Acres et al. (1993) developed a sampling scheme
to locate transects with starting points randomly located along motorable roads within different
land units. Another approach for transect soil sampling was described by Hengl et al. (2003)
who constructed a transect in the direction of the azimuth of the hightest anisotropy in the
feature space. Discussions on techniques to generate representative transects as a basis for

linear operated proximal soil sensing techniques like ground penetrating radar or electro-
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magnetic surveys has been limited.

In this methodological paper we introduce two different approaches to generate shortest
representative transects, which can be applied on nominal datasets of all scales and resolutions.
In this respect, representativity is defined as covering all relevant information within a study
area with the aim to obtain valid and transferable measurements for subsequent digital soil
mapping (DSM) approaches (cf. Behrens et al. 2008a). We apply the approach on existing soil

class maps to generate high resolution soil property maps.

2 Preliminaries
2.1 Transect definition and sampling

In contrast to k-th order random toposequences, a newly introduced approach by Odgers et al.
(2008) as a sampling strategy for DSM, which are monotonically downhill transects calculated
directly on the basis of a digital elevation model (DEM) and thus are related to the classical
catena concept (Milne, 1935; Sommer and Schlichting, 1997), our approaches are based on
nominal datasets and thus belong to the group of stratified sampling schemes (McKenzie and
Ryan, 1999; de Zorzi et al., 2005). Hence, the transects derived are neither directly bound to a
topographical gradient, as for catenae and toposequences, nor restricted to a process based
linkage of soil units and uniform parent material as implied for a catena (Milne, 1935; Bushnell,

1942; Odgers et al., 2008).

In terms of a stratified sampling scheme, existing soil maps as well as combined maps of
environmental co-variates like geology, landuse and relief might be used for the purpose of
optimised soil surveys and soil sensing approaches (McKenzie and Austin 1993; Gessler, 1995;
McKenzie and Ryan, 1999; Gerber et al., 2007). In this study we use existing soil class maps for

stratification aiming to collect high resolution spatial soil attribute data.

2.2 Basic concepts for transect generation

Technically, we differentiate a single transect concept and a multiple transects concept. The
single transect concatenates all classes occurring in a study area into one single transect where
each class is represented once. In contrast, the multiple transects approach returns all shortest
transects found between adjacent map classes to cover all relevant continuous transitions zones,
and is therefore a more holistic approach in terms of landscape characterisation and closer
related to the catena (Milne, 1935) and the toposequences (Gobin et al.,, 2000; Odgers et al,
2008) concepts.

In contrast to the multiple transects approach which is computationally easy, the task of
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generating a single concatenated representative shortest transect is more complex. In principle,

three approaches seem possible:

The first is a greedy search of all possible transects in a dataset, which results in / transects:

=] f*— 1)

where f. is the frequency of each class c and n the number of classes in a dataset.

A second approach possible is based on graph-theory (e.g. Djikstra, 1959). Compared to the
travelling salesman problem, shortest path searches or minimum spanning trees (e.g. Kruskal,
1956; Gutin and Punnen, 2006), finding the shortest representative transect is a more
generalised task as not all available points are included in the final transect, classes can occur

more than once, and neither the start nor end point are known a priori.

Third, as greedy search approaches over all possible transects are not applicable due to an
enormous search space even for relatively small datasets and developing approaches based on
graph theory are out of the scope of this paper, this study introduces algorithms based on
randomised nearest neighbour searches to approximate the shortest single representative

transect.

2.3 Embedding transects in DSM approaches

In terms of DSM the transect approach can be used for different kind of purposes. The major
objective behind this study is to digitally map soil property data based on calibrated sensor data.
Therefore, reference measurements are needed and the sensor data has to be adjusted for that
model. For ground penetrating radar it is the conversion of the time function to a depth function.
The data sensed along the transect will then be resampled on the basis of the desired resolution
of the DSM approach. Based on this dense set of “sample points” and environmental covariates
like terrain attributes (Behrens et al., 2008b) a map of soil depth can be digitally mapped using
machine learning approaches (McBratney et al. 2003; Grimm et al., 2008). Thus, if for example a
coarse scale soil map is used to generate the transect(s) it can, but does not need to be included
in the subsequent prediction approach. In this case it serves as a proxy for the distribution of soil
properties. On the other hand, one might argue to use the same attributes for transect
generation and prediction for consistency. However, we think that this is for sure an option, yet
an existing soil class map at an appropriate scale should give the best basis for transect
generation, as soil is the result of all state factors (Jenny, 1941). Thus, a combination of a soil

map and some additional environmental covariate might bias the model towards this data.
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Additionally, it will result in more units and thus longer transects. Furthermore, including a
coarser scale soil (or stratified) maps used for generating the transects in the prediction
approach might be contradictory because of the desired higher resolution if the boundaries of
the soil map have not been adjusted before (Behrens et al. 2008c). However, in the case a soil

map is not available, any other reasonable stratification scheme might be used.

Another purpose of the transect approach might be to analyse and/or refine the information
content of the soil map used for transect generation including evaluations of the soil boundary
delineation quality. In these cases the soil map plays an important role in transect generation

and modelling.

The idea behind this study is based on the first objective, the production of soil property maps.

3 Materials and methods
3.1 Transect generation
3.1.1 The node problem

Due to the fact that transects need start points, end points, and nodes, all transect searches are
based on point datasets created on the basis of class-area maps from nominal spatial datasets.
We propose two approaches to derive the centre point(s) of each class-area (subsequently

forming the nodes of each transect).

First, instead of the centre of mass as implemented in many GIS products (e.g. ESRI, 2004), we
introduce an approach based on Euclidean allocation to derive that point within a mapping unit,
which is located furthest away from the class area boundary, i.e. the centre point of the largest
circle which can be placed inside a unit (Figure 1). This ensures that the class-areas are not
covered at their uncertain or fuzzy boundaries only, which otherwise might result in non-

representative feature values.

Second, based on the same concept, we derived a centreline of points. Therefore, we applied a
morphological thinning approach combined with a buffer to avoid points that are too close to
the boundary (Figure 1). The centrelines were evenly divided into points based on a user-

defined distance.

The technical advantages of the single point approach are the limited set of points and the
maximized distance to the boundary. For the centre line approach it is the possibility to compute

shorter transects due to more points available, especially for elongated areas.

To avoid single transects that are too long due to very small classes not relevant in terms of

representativity, we propose to include only those units that fall within a cumulative frequency
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distribution of 96 %. For the multiple transects approach we computed transects only for those
neighbouring classes that share a boundary longer than the average minus two times the
standard deviation of all boundaries between two soil classes. These thresholds must be
regarded as rules of thumb as they strongly depend on the fragmentation of the classes and the

amount of tolerable fieldwork.

] )
Centroid approach

Centreline approach

° Centroid / points on centreline

Largest circle that can be placed inside a polygon

—-——  Centreline

\ Buffer )

Fig. 1. lllustration of the approaches to derive the centroid and the centreline of points for a

polygon.

3.1.2 Single Transects
The main constraints for forming a single representative transect are:

- each class must be included,
- each class must be included only once,

- the transect should be the shortest possible in the dataset.

To reduce computation time compared to greedy-search approaches over the entire transect
space, the number of possible transects per starting point has to be reduced. The

computationally fastest way is to calculate one transect per point only. Starting at one point, the
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nearest neighbour of another class not yet included in the transect is searched. Then the nearest
neighbour of the second point is searched. This procedure is repeated until all classes are

included in the transect once (NN-search). The pseudo-code is shown in Figure 2.

// NN - nearest neighbour search
for each point in a dataset

while (not all classes are included in the transect)
find the nearest neighbour of another class not yet included
sum the distances for each transect
end
save the transect and its length
end
sort the list of transects based on their length
return the shortest transect

Fig. 2. Pseudo code for finding the shortest transect based on nearest neighbour search.

The major shortcoming of the NN-search approach is that it does not necessarily return the
absolute shortest transect, but a more or less vague approximation, as a transect segment does
not need to start or end at it’s nearest neighbour, but, for example, the next - the second-nearest
- neighbour. Thus, we extended the simple nearest neighbour approach with a random
component where “nearest” is randomly altered between the 1st and the nth nearest neighbour

(RNN-search; Figure 3).

// RRN - random nearest neighbour search

for each iteration in 1..i
randomly select a point
while (not all classes are included in the transect)
randomly select one of the n nearest neighbours of another class
sum the distances and the coordinates for each transect
end
save the transect and its length
end
sort the list of transects based on their length
return the shortest transect

Fig. 3. Pseudo code for finding the shortest transect based on random nearest neighbour search.

As there is a random component included in the RNN-search method, each starting point in a
dataset needs to be tested more than once to find the shortest transect. Additionally, testing each

point as a staring point multiple times might result in a much extended computation time. Thus,

66



Reprasentanz

we also use randomly selected points as starting points. Without knowledge about the dataset,
the shortest transect computed must therefore be regarded as an approximation. Hence, the

more iterations tested the higher the probability to find the shortest transect.

3.1.3 Multiple transects

The general technical aims of computing a single transect are identical for the multiple transects
approach in terms of representativity and shortness. The main difference is that in the multiple
transects case n single transects - each consisting of one segment only - are calculated whereas

in the single transect approach one multiple segment transect is generated.

In terms of landscape description, transition zones play a crucial role, especially if the sampled
data should be used in DSM approaches (cf. Hengl et al., 2003; Odgers et al.,, 2008). Thus, all

relevant soil-associations and their transitions should be covered by independent transects.

Technically, both the nominal class-area dataset as well as their centre points need to be
analysed in this approach. In a first step, all combinations of adjacent classes are recorded on the
basis of a gridded dataset by analysing neighbouring pixels in a moving window approach.
Subsequently, the point dataset is scanned to find the shortest possible distance for each

relevant class combination.

3.2 Datasets

To evaluate the influence of the number of iterations in the single transect approach, we
constructed 9 square artificial random point datasets each consisting of 100 points and 2 to 10
classes respectively. To compare and analyse the single and the multiple transects approaches,
we tested them on 6 representative soil map patches (Behrens et al., 2008a), each comprising an
area of 3*3 km, at a scale of 1:50,000 and a DEM resolution of 10 meters within 6 diverse

soilscapes of the Nidda catchment, Hesse, Germany (Schmidt et al., 2008) (Figure 4).

The six soilscapes were computed on the basis of the official soil map 1:50,000 provided by the
Hessian Agency for Environment and Geology to create features spaces in terms of soil
associations with a high interclass and a low intraclass variability. The idea behind this approach
is to provide homogeneous soilscapes for a GPR-based DSM approach within the Collaborative
Research Centre (SFB) 299 of the German Research foundation (DFG) (Schmidt et al.,, 2008). The
soilscapes are:

- the Forest of Biidingen characterized by bunter (BF),

- the Taunus, as part of the Rhenish Massif with predominantly slates (T),

- the Upper Vogelsberg, which forms the core of the largest basalt formation in Central

Europe (VU),
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- the Lower Vogelsberg, a landscape influenced by basalt covered with Pleistocene
periglacial slope deposits and loess depositions (VL)

- and two different loess soilscapes within the Wetterau (WN, WS)

The representative patches within these soilscapes were computed on the basis of a X2-moving
window similarity test aiming to minimise the investigation area while preserving information
content (Behrens et al., 2008a). Thus, each patch, a transect is calculated for, comprises a unique

feature space.
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Fig. 4. Soilscapes and representative patches (draped over a hillshade) of the Nidda catchment
used to compare the shortest representative transect approaches. BF = Forest of
Biidingen; T = Taunus; VU = Upper Vogelsberg; VL = Lower Vogelsberg; WN = Wetterau
(north-east); WS = Wetterau (south-west).

33 Computation

The computation and comparison focuses on all combinations of single and multiple transects

and the centroid as well as the centreline approaches.
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3.3.1 Analysis Settings

To analyse the single transect approach we tested 100, 1,000, 10,000, 100,000, and 1,000,000,
iterations on the basis of 2, 3, 4, 5, 6, 7, 8, 9, and 10 random nearest neighbours on the artificial
datasets. The comparisons of transect length and computation times are based on the six
different soilscape patches described in chapter 7. For these real world datasets 1,000,000

iterations were used to construct the single transects.

For deriving the centreline of points we used a point spacing of 50 meters and a buffer of 20 m

inside each class-area.

3.3.2 Feature space analysis

To compare the different transect generation methods we analysed the feature spaces (Lillesand
and Kiefer, 2000) of terrain attributes covered by the transects and compared these feature
spaces with the ones for the entire patches. Hence, the more similar the feature space covered by

a transect compared to the underlying patch is, the more reasonable the approach.

The feature space was analysed in terms of the mean, the standard deviation, and the range of

slope, cosine transformed aspect, and relative hillslope position (cf. Behrens et al., 2008b).

4 Results and discussion
4.1 Artificial datasets

The single transect approach needs two parameters to be specified: the number of iterations and
the number of neighbours included in the random search approach which both have an
influence on computation time. If the number of neighbours is large and/or if the number of
iterations is large, computation time rises. On the other hand, if there are only few iterations
and/or the number of neighbours is large, the probability to find the shortest possible transect

decreases.

Figure 5 shows the results for the number of neighbours on the random datasets. In most cases,
the first nearest neighbour approach returned the shortest transect for datasets with a small
amount of classes. Yet, from 7 classes onward at least 2 random nearest neighbours were

needed to return the shortest possible transect (Table 1).

Table 1 lists the frequencies of the shortest transect detected for the artificial datasets in respect
to the number of iterations tested, clearly showing that more iterations are needed with an

increasing number of classes. Additionally, it can be seen that about 50 to 100 times as many
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iterations are needed if 2 random nearest neighbours are needed, which is the case for all

datasets containing seven and more classes.

Even if a full random approach without constraints in the amount of nearest neighbours
included would return the shortest transect when enough iterations were applied, using only the
second or the third nearest neighbour ensures shorter computation times while returning
reasonable approximations in terms of transect length. However, a general function to calculate
the optimised values for the n-nearest neighbours or the number of iterations needed cannot be

given on the basis of the data tested.
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Fig. 5. Transect length (relative units) and random nearest neighbours based on 9 artificial
random datasets consisting of 2 to 10 classes.

Further interpretations do not seem appropriate, as all components including the dataset and
the algorithm are random. Yet, the general trend and the need to search over n-nearest

neighbours is demonstrated.

As there is no random component needed in the multiple transects approach it always returns

the shortest transects. Thus, a detailed comparison with the single transects approach is
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discussed in Chapter 4.2 on the real world datasets.

Table 1. Amount of shortest transects found for each combination of classes in the dataset and

iterations used. Rn = minimum random nearest neighbour to find the shortest transect.

Classes
2 3 4 5 6 7 8 9 10

100 10 5 2 2 2 0 0 0 0

9 1000 72 30 11 8 11 21 0 0 0
'4;% 10000 711 292 93 110 94 3 2 0 0
E 100000 7062 3051 961 1019 1055 15 16 0 3
1000000 70675 30417 9465 10469 11135 170 179 8 8

g 1 1 1 1 1 2 2 2 2

4.2 Real datasets
4.2.1 Transect length and computation time

The primary result to be discussed is the length of the transects computed. Table 2 shows the
comparison for the six soil map patches. In average, the length of the multiple transects (in total)
is twice as long as the length of the single transects. Thus, with soil sampling or soil sensing
being the most expensive part of a survey (Webster and Oliver, 1990), the single transect
approach must be recommended. The overall average of 3.300 m for the centreline approaches
and 4766 m for all approaches seems to correspond to the patch size of 3 * 3 km and its diagonal
length of 4200 m respectively. Further studies on different patch sizes and map scales have to

prove if this could be used as an approximation of the resulting transect length.

It can be seen that the average length of the transects varies strongly between the approaches.
The transects computed using the multiple transects centroid approach are about 3.5 times
longer than the ones computed using the single transect centreline approach which generally
returns the shortest transects. Compared to the centroid approaches the centreline approaches
were 21 % shorter in case of the single transect and 53 % shorter in case of the multiple
transects. The multiple transects centreline approach returned transects that are 26 % longer
compared to the single transect centreline approach. Additionally, the actual distance travelled
will be much greater for the multiple transects approach even if a sensor is not being deployed
between the transects sections. Hence, in terms of feasibility the single transects approach based

on the centreline method must be recommended.
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Generally, the transects returned are relatively long for proximal soil sensing approaches
especially when applied across different landuse classes. Thus, sub-sampling schemes seem
appropriate where, for example, sub-transects of 50 m length might be recorded every 100 m.
To sample points along the transects, equal distance or equal elevation intervals might be

applied (Odgers et al,, 2008).

Table 2. Transect length [m] and computation time [s] for the single and the multiple transects
approaches. BF = Forest of Biidingen; T = Taunus; VU = Upper Vogelsberg; VL =
Lower Vogelsberg; WN = Wetterau (north-east); WS = Wetterau (south-west).

Single transect Multiple transects
Centroid Centreline Centroid Centreline

Length Time Length Time Length Time Length Time

Soilscape  [m] [s] [m] [s] [m] [s] [m] [s]

BF 4361 1488 3426 3857 12752 <10 5385 <10
T 1740 1595 1291 2227 10333 <10 5256 <10
VU 1788 523 1683 1186 3657 <10 2437 <10
VL 4839 3787 4585 11417 7589 <10 4300 <10
WN 3675 5480 2605 8670 7524 <10 2913 <10
WS 4260 2834 2638 5950 12332 <10 3003 <10
mean 3444 2618 2705 5551 9031 <10 3882 <10

The computation times for finding the shortest single transect based on 3 random nearest
neighbours and 1,000,000 iterations as well as the corresponding times for the multiple
transects approach are listed in Table 8.2. The single transect approach needed between 45 min
and 90 min in average (on a standard PC, 2.6 GHz, 2GB RAM) to approximate the shortest
transect, whereas the multiple transects approaches only needed a few seconds, as no iterative
random component is implemented. The larger the node space of a datasets the larger the
differences in computation time. Here, the multiple transects approach obviously has a clear

advantage.

4.2.2 Feature space analysis

The feature space analysis in terms of landscape representation (Table 3) measured on the basis
of a similar frequency distribution of slope [°], aspect (cosine transformed [-1 - 1]), and hillslope
position (indicating whether a pixel is located upslope (+10), midslope (0), or downslope (-10)),

the multiple transects approach clearly outperformed the single transect approach.

Concerning all four approaches, the multiple transects centroid approach returned the highest
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similarity in 23 cases followed by the multiple transects centreline approach (22), the single
transects centroid approach (12), and the single transects centreline approach (10). Thus, in
terms of covering the feature space of a landscape, the multiple transects approaches must be
recommended. Interestingly, this is not directly related to the overall transect(s) length.
Comparing the two multiple transects approaches, the centroid approach returns transects that
are 53 % longer but only provide a better description of the underlying feature space of 12 %.
Regarding the centreline approaches, the difference in distance is only about 26 %, but the
difference in the feature space description is 43 %. This furthermore shows that the centreline
approach performs well regardless of the fact that the centreline points are generally located

closer to the class-area boundaries compared to the centroid approach.

4.2.3 Transect location

Another issue to be discussed is the location of the transect in the map. As shown in Figure 6, the
shortest transect between two units - either a transect of the multiple transects approach or a
segment of a single transect - might cross other units which is contradictory to the initial idea
and often related to the shape of the mapping units. This problem mainly occurs for transects of
the single transect approaches and especially for the centroid method due to the fact that only
one point is generated per class-area. To provide optimised results in terms of surveying specific

soil transition zones, the multiple transects centreline method should be applied.
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Table 3.

Deviations between the values for the entire patches and the data recorded along
the transects in terms of mean, standard deviation, and range of slope, aspect
(cosine transformed), and hillslope position for the single transect approach and the
multiple transects approach both for the centroid approach and the centreline
approach. Bold numbers indicate the smallest deviation. BF = Forest of Biidingen; T
= Taunus; VU = Upper Vogelsberg; VL = Lower Vogelsberg; WN = Wetterau (north-
east); WS = Wetterau (south-west).

BF T VU VL WN WS

Multiple Slope [°] Range 4.58 10.06 7.38 6.32 0.88 4.74
transects Mean 095 0.62 0.61 0.15 -0.66 -0.19
- Centroid Stdev  0.23 -0.33 -0.13 -0.03 -0.62 -0.06
Position Range 3.13 3.20 3.51 2.79 3.13 3.71

[-10 -
10] Mean 0.26 0.55 -0.55 0.11 0.19 0.80
Stdev -0.21 -0.09 -0.34 0.14 -0.15 0.16
Aspect Range 0.00 0.00 0.00 0.00 0.00 0.00
[(1-1] Mean 0.02 0.08 0.21 0.03 -0.14 -0.19
Stdev  0.00 0.00 -0.07 0.02 0.06 0.01
Single Slope [°] Range 11.00 10.23 0.62 13.51 10.47 15.46
transect Mean -1.17 -1.70 0.32 0.50 -0.77 -0.39
- Centriod Stdev 136 -1.03 -0.51 095 0.06 0.18
Position Range 7.02 7.44 6.73 439 392 6.21

[-10 -
10] Mean 0.41 0.06 0.17 0.27 0.15 -0.22
Stdev 0.52 048 0.16 0.17 0.18 0.20
Aspect Range -0.01 0.00 -0.01 0.00 -0.10 0.00
[(1-1] Mean -0.39 -0.03 -041 0.13 0.38 0.06
Stdev  0.11 -0.02 -0.04 0.03 0.23 -0.03
Multiple Slope [°] Range 6.33 2.65 823 6.70 9.51 1341
transects Mean -0.34 -0.06 0.19 0.23 0.12 -0.34
- Centreline Stdev  0.00 -0.85 0.12 0.03 0.23 0.04
Position Range 5.14 2.64 3.20 4.63 2.99 494

[-10 -
10] Mean 1.03 048 -0.21 0.24 055 1.29
Stdev  0.10 0.07 -0.89 0.14 0.01 -0.05
Aspect Range 0.00 0.00 0.00 0.00 0.02 0.00
[(1-1] Mean -0.22 0.03 -0.31 -0.20 0.11 0.26
Stdev  0.08 -0.04 -0.12 0.09 0.06 0.01
Single Slope [°] Range 9.54 10.06 1.19 13.10 2.76 18.06
transect Mean 0.51 -2.42 -0.21 091 -046 -0.53
- Centreline Stdev  0.57 -1.31 -0.56 1.06 -0.58 0.58
Position Range 6.83 5.89 8.62 2.29 453 558

[-10 -
10] Mean -0.01 0.81 -0.25 -0.04 -0.21 0.37
Stdev 0.02 -0.10 0.42 -0.01 0.06 -0.06
Aspect Range 0.00 0.15 0.00 0.02 0.01 0.00
[-1-1] Mean -0.21 -0.01 -0.38 -0.19 0.12 -0.10
Stdev  0.08 0.01 -0.05 0.08 0.09 0.02
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Fig. 6. Location of the transects based on the different approaches introduced for the Lower
Vogelsberg (VL).
5 Conclusions

The concepts presented in this methodological study allow the generation of representative
shortest transects based on class-area maps. The aim was to provide sampling schemes for
linear operated proximal soil sensing techniques like electro-magnetic induction, ground
penetrating radar, magnetics, near infrared spectrometry etc. in an objective and highly

automated fashion.

Generally, two different approaches were introduced: a single concatenated transect and a

multiple separated transects concept to cover all relevant mapping units and transition zones
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respectively. Based on the aim of a soil sensing survey, the approaches can be chosen in terms of
transect length which will result in a single transect, or in terms of a more complete description
of the underlying environmental feature space which will be obtained by using the multiple

transects approach.

Additionally, two methods were introduced to provide the nodes of a transect. For the first, one
centroid was calculated per class-area. For the second, multiple points had been calculated
based on the centreline of each polygon. In terms of transect length, the centreline approach

must be recommended.

Concluding, we recommend to apply a combination of the multiple transects and the centreline
of points approaches. In terms of a trade-off between feature space description and transect(s)
length the single transect centreline approach might be chosen as it is generally shorter.
However, we think that removing some transects between map units with a small adjacency of
the multiple transects approach is more appropriate since the application of the multiple
transects approach will and enhance informational value which should have priority. The
additional travel time between the transects will partly be compensated with reduced
computation time and complexity especially for large datasets. Another advantage of the multipe
transects approach over the single transect approach is that is has a lower spatial

autocorrelation between the residuals (Hengl et al., 2003).

The approaches introduced might help to refine the resolution for medium to large area DSM
approaches based on proximal soil sensing techniques. Furthermore, the multi transects
approach might help to get a better understanding of important soil-association transition zones
in a landscape and can additionally be used as a tool for boundary quality estimations of existing

soil maps.

Comparative high resolution digital soil mapping and sensing approaches are needed to validate
the outcome in terms of prediction accuracy and resolution for large areas based on the different
shortest representative transect concepts as well as other approaches like the k-th order

random toposequences approach as introduced by Odgers et al. (2008).
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Abstract

Digital soil mapping is currently experiencing a tremendous increase in available environmental
covariates and resolution for spatial soil predictions, resulting in computational problems in
terms of limited data handling capabilities of machine learning approaches. This is of particular
importance when gridded spatial soil class maps are used as a basis for predictions containing

large amounts of redundant instances and noisy information.

In this study we systematically analyze the effect of instance selection, which aims at reducing
sample size, while preserving or even increasing prediction accuracy. On a soil class dataset with
95.000 instances we tested two sampling approaches in relation to parameter settings of
decision tree based learning: proportional and disproportional stratified random sampling. An
automated grid search approach was used to find the best performing parameter settings of the

decision tree.

The results show that an appropriate sampling method in combination with a grid search
method returns better results than those obtained when grid learning is applied without
instance selection. Instance selection increases prediction accuracy especially if the frequency
distribution of the soil classes is low compared to the surrounding area. However, instance
selection does not help in pedological interpretation. Nevertheless, it is a valuable pre-
processing method to handle large spatial high resolution datasets in digital soil class prediction

in terms of accuracy and computational costs.

As suggested on the basis of the results of this study, spatially constrained instance selection as
well as boundary based digital soil mapping in terms of soil taxonomic contrast should be

investigated in future pedometric research.
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1 Introduction

Within the last decade an increase in the availability of explanatory variables to solve the
function of soil forming factors (Jenny, 1941), reformulated for quantitative empirical modelling
by McBratney et al. (2003), can be observed and is expressed in a dramatic increase of research
publications in this field of soil science (McBratney et al., 2000; 2003). This is promising, as the
global lack in the availability of soil data can now be counteracted using digital soil mapping
approaches. However, data handling becomes more complex due to the high amount of available
potential predictors as well as the large amount of pixels when existing rasterized soil maps are
used as a basis for extrapolation. Thus, the lack of predictors is now replaced by the limitation of
the data handling capabilities of the algorithms used for prediction, which limits the analysis of

soil formation and distribution.

One of the most widely used and best performing inductive learning algorithms in terms of
generating interpretable rules as well as prediction accuracy are classification tree algorithms
(Breiman et al., 1984; Loh and Vanichsetakul, 1988; Mitchie et al. 1994; Behrens and Scholten,
2006b). Classification trees are non-parametric (Friedman, 1991; Mitchie et al. 1994), non-
sensitive to the presence of missing data and to the inclusion of a large number of irrelevant
features (Schafer, 1997; Hastie et al., 2001), and are described as a robust prediction technique
(Loh and Vanichsetakul, 1988; Lagacherie et al, 2001; Scull et al, 2005). Applications in
environmental sciences can thus be found in various disciplines like ecology (e.g. Geng et al,,
2004; Munoz and Felicisimo, 2004), remote sensing (e.g. Hansen et al., 1996; Friedl and Brodley,
1997; Debeir et al,, 2001; Gémez-Chova et al, 2003; He et al,, 2003) and soil science (e.g.
Lagacherie and Holmes, 1997; Zhang et al., 1999; Bui et al,, 1999; Giasson et al., 2000; Moran and
Bui, 2002; Bui and Moran, 2003; Zhou et al., 2004; Behrens and Scholten, 2006a,b; Geissen et al.,
2007).

Yet, handling large datasets using decision trees can be inefficient in terms of learning time and
prediction accuracy due to redundant and noisy information and often results in complex
models (Liu and Motoda, 1998; Brighton and Mellish, 2002). This is particularly true when using
gridded spatial datasets as a basis for predictions (Munoz and Felicisimo, 2004). In contrast to
datasets originating from point sampling schemes, mostly counting only up to a view hundred
samples, digital soil class prediction based on existing soil class maps can easily comprise
several thousands to millions of training “samples” if the prediction is based on gridded spatial
datasets where every pixel serves as a separate sample (Bui et al.,, 1999; Shrestha et al,, 2004;
Behrens et al., 2005). This leads to large amounts of redundant information, causing negative
effects not only with regard to computation time but also to prediction accuracy (Qi, 2004).
Lagacherie and Holmes (1997) showed that inconsistencies within the training dataset, such as
noise, can greatly influence predictive accuracy.
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To handle datasets containing redundant and/or noisy instances (samples) as well as multi-
collinearity two main branches within statistical learning research do exist: instance selection

(Liu and Motoda, 2001) and feature selection (John et al., 1994).

Feature selection aims at reducing the feature space to the driving factors and at reducing multi-
collinearity. In contrast, instance selection is applied to reduce the dataset by fitting out the
relevant samples. The application of feature and/or instance selection depends on the structure
of the dataset and the learning approach used. As the dataset used in this study contains large
amounts of samples, and as decision trees are robust to correlated features, we focus on instance

selection.

In pedometric research the discussion on instance selection has been limited. Even though some
methods of classical spatial soil sampling designs (Cochran, 1977; Brus, 1993; Brus and
DeGruijter, 1997; Domburg et al., 1997) and instance selection (Gu et al., 2001) are based on the
same theoretical concepts, the aim of instance selection is contrary to the aim of soil sampling. In
soil sampling it is most important to optimize sampling schemes to derive a sample set that is as
sparse as possible to save labor and lab costs. In instance selection, more than enough samples
are available. The challenge here is to extract a representative subset that is still large enough
that no relevant information gets lost but is small enough that it can be handled easily by

learning algorithms.

Moran and Bui (2002) were the first to examine instance selection in a digital soil mapping ap-
proach by comparing two random sampling methods applied over all soil classes of the entire
training dataset. In this study we go a step further in systematically analyzing instance selection
on the basis of single soil classes, which is important to compare the outcome of different spatial
sample distributions and relations to soil forming factors. Another approach reported by Qi
(2004) addresses the task of noise reduction by selecting samples based on fitted histograms of
the predictors. However, this approach is not applicable for large feature spaces (many predic-

tors) as each feature has to be analyzed separately.

In this study we combine instance selection with an investigation of reasonable parameter set-
tings for classification trees. The analysis of interactions between sample sizes, sample method,
and tree parameters aims at stable digital soil mapping models with reduced complexity, faster

computation times, as well as easier interpretability.

2 Rationale

In this study we systematically compare different random sampling designs and sample sizes to
analyze the impact of instance selection on a digital soil class mapping task. As different model

parameters of decision tree algorithms are directly related to sample size, i.e. the minimum

82



Data Mining

samples in an end node as well as the cross validation pruning settings (Breiman et al., 1984;
Mitchell, 1997), it is important to analyze these parameter settings in relation to instance
selection approaches. In order to automatically test different parameter settings to find
optimized model parameters, a so called grid search (grid- or hyper-learning) approach (cf,
Gourieroux and Monfort, 1995; Gilardi and Bengio, 2001; Jin, 2006) is applied. In grid search
procedures different parameter settings are systematically analyzed in p-dimensional

parameter spaces (cf. Chapter 3.3).
The approach presented in this paper is illustrated in Fig. 1 and organized as follows:

- First, biggest trees (no cross validation pruning) are calculated as references to analyze
the effect of overfitting (Behrens and Scholten, 2006b) and for the subsequent analysis

on parameter and instance selection settings.

- Second, different cross validation pruning settings are tested to analyze different para-
meter settings for the entire dataset to understand the behavior of the tree models in
terms of overfitting and to obtain an additional reference to interpret the effect of in-

stance selection.

- Third, different instance selection approaches and sample sizes are analyzed on the basis
of the same grid search approach as applied on the entire dataset to examine the impact

on prediction accuracy.

All approaches are computed for binary (2-class) predictions, i.e. each soil class is tested
individually to gain a deeper insight about the possible variations of results and as a basis for
pedological interpretations. Furthermore, tree complexity in terms of the number of end nodes

is discussed.

Fig. 1. Overview of methods.

3 Materials and methods
3.1 Study area and datasets

The investigation area, a low mountain range within the south-west German-Lorraine Triassic

escarpment (Rhineland-Palatinate; Germany), comprises 350 km? (Fig. 2).
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The prediction approach is based on 40 terrain attributes derived from a digital elevation model
with a resolution of 20 m (Behrens et al., 2005; Behrens and Scholten, 2006b). The local soils
have formed from substrates of Upper Red Bed Sandstone, Bunter and Lower Limestones. The
training as well as the validation area, each comprising 40 km?, contain the same 6 soil classes
(SC1 - SC6) mapped at a scale of 1: 50.000 (Table 1). According to the DEM the soil map was
rasterized to a resolution of 20 m. To compare the training with the validation area Fig. 3 shows
feature spaces for elevation, slope, aspect, and curvature. As differences in feature spaces are
marginal this setting serves as an optimal test bed for induction based learning (Behrens and

Scholten, 2006b).
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Fig. 2. Location of the investigation area in the Palatinate Forest, Germany.

As data mining based predictions strongly rely on predictors and their feature spaces,
predictions can only reasonably be extrapolated to areas where the same features with a similar

feature space are available, i.e similar soilscapes (Hole, 1978; Lagacherie et al.,, 2001).
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Fig. 3. Feature spaces of slope, curvature, aspect, and elevation of training and validation
area.

As the study area is located in a low mountain range, relief plays an important role in
pedogenesis in terms of erosion and accumulation. However, due to differences in parent
material as well as a stratification with almost no dip, geology has a strong impact on soil
formation in this region. Thus, including information on parent material in the prediction
approach will lead to very high accuracies that will make the differences in prediction and
instance selection approaches hard to interpret. Additionally, in terms of a “real world” example
using digital elevation models only is more realistic as digital elevation models are widely
available whereas large to medium scale geological maps are not (Behrens et al., 2008). Hence,
geological information was not included in this study as well as other spatial predictors. Other

ancillary variables like remote sensing or climate data were not available within this study.

Table 1
Description and coverage of the 6 soil types according to World Reference Base for Soil Re-

sources (WRB) (IUSS Working Group, 2006) and the corresponding reference ID.

Soil classes ID Coverage [%]
Haplic Cambisols SC1 33
Dystric Cambisols and Cambi-Hablic Podzols SC2 13
Dystric Cambisols [loess containing] SC3 5
Haplic Podzols SC4 33
Dystric Cambisols [sandy slope deposits] SC5 12
Cumulic Anthrosols, Gleyic Anthrosols, Gley-

sols, and Fluvisols SCé6 4

3.2 Instance selection

Instance selection is a technique to reduce the size of a dataset by extracting relevant informa-

tion, where the new subset resembles the original dataset in further analysis (Pal and Jain,
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2005). Instance selection is generally applied for three technical reasons: enabling, focusing, and

cleaning (Liu and Motoda, 2002) described below:

- Enabling: As the capability to handle large datasets is limited for every data mining algo-
rithm, instance selection enables these algorithms to function and work effectively

(Moran and Bui, 2002; Grinand et al., 2007; Behrens et al., 2008).

- Focusing: Soil maps are generally not intended for the purpose of applying data mining
techniques (Qi, 2004). For example, traditional soil mapping is based on a mental model
by a soil surveyor (Bui and Moran, 2003; Bui, 2004) focused on a detailed soil profile de-
scription to subsequently construct a map of soil classes at a specific scale. These soil
classes generally comprise larger regions with some hundreds to thousands of pixels of
an underlying DEM resulting in highly redundant information. Thus, focusing aims at se-

lecting the relevant information.

- Cleaning: No soil map is perfect in terms of decision boundaries as well as spatial de-
lineation (Burrough and McDonnell, 1998; McKenzie and Ryan, 1999; Zhou et al.,, 2004;
Behrens et al,, 2008). A saying in computer science often used in the context of noise in
datasets is “garbage-in-garbage-out”. In this respect, cleaning a dataset helps removing,
or at least reducing noisy data (Qi, 2004; Behrens et al.,, 2008). In contrast to that, high
quality soil data will lead to high quality results and reduced computational and labor

costs.

Summarizing, the main aim of instance selection is to reasonably reduce large datasets for faster
predictions while preserving accuracy (Liu and Motoda, 1998; Bui et al., 1999). Hence, the ideal

outcome of instance selection is model independent and can be described as follows:
P(MeD) = P(MsD), (1)

where P(MeD) is the predictive power of a model based on the entire dataset and P(MsD) is the
predictive power of a subset (Liu and Motoda, 2001). On the one hand, in an optimistic case,
“less is more” (Liu and Motoda, 1998), so that the resulting prediction accuracy based on the
subset is higher than the one for the entire dataset. On the other hand, instance selection can

lead to a trade-off between sample size and mining quality (Brighton and Mellish, 2002).

In this study on soil class prediction we apply proportional stratified random sampling (PS) and
disproportional stratified random sampling schemes (DS) as instance selection approaches (Gu
et al,, 2001). The soil-sampling counterparts of these two approaches are well-known in spatial

soil sampling design aiming to improve estimates (Brus, 1993, Domburg et al., 1997).

Proportional stratified random sampling accounts for the frequency distribution of each soil

class in the entire dataset. In the disproportional approach the same amount of instances is
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selected for all classes. This approach is recommended by Kohonen et al. (1995) for supervised

classification applications, even when the a-priori probabilities are skewed.

We compare the original dataset comprising 95.000 pixels with 6 different subsets sizes of 500,
1000, 2500, 5000, 7500 and 10.000 samples for both sampling approaches. For each sample size
three independent iterations were carried out to provide information on sampling variance. The

results are discussed on the average of these three predictions.

33 Prediction and validation
3.3.1 Classification tree

Classification tree analysis is a supervised non-parametric statistical classification approach
based on binary recursive partitioning techniques (Breiman et al., 1984; Friedman, 1991; Loh
and Shih, 1997). The step-wise constant partitioning scheme (Friedman, 1991) provides
increasingly homogeneous subsets in terms of the dependent variable - in our case the soil
classes - based on existing observations. It is used to identify rules which can subsequently be
applied for extrapolation. Partitioning is stopped if a minimum tolerated amount of samples
(pixels) in a node of the tree is reached. This threshold influences the size of the tree in terms of
end nodes and is thus strongly related to overfitting and generalization (Mitchie et al., 1994). For

each terminal node the majority class label is assigned for the final classification results.

To construct a classification tree we apply the CRUISE algorithm as introduced by Loh and Shih
(1997). Compared to the greedy search approach of CART (Breiman et al, 1984), CRUISE is
based on an analysis of variance which is reported to be stable and unbiased in terms of variable

and split point selection (Kim and Loh, 2001).

The 1D CRUISE - algorithm used in this study separates the tree growing process into two steps:
first selecting the split variable and second selecting the split point. To select the most important
variable for each split an ANOVA F-Test is computed. The variable with the smallest p-value,
which determines the significance of the features, is chosen to separate between two classes.
Once the variable with the smallest p-value is selected, a threshold that defines the split point is
computed applying a linear discriminant analysis (LDA) (Kim and Loh, 2001). As LDA is most
effective when the data are normally distributed with the same covariance matrix, a Box-Cox

transformation is calculated to adjust the response variable (cf. Qu and Loh, 1992).
3.3.2 Validation

Predicted categorical spatial data are validated using a confusion matrix (van Rijsbergen, 1979;

Ishioka, 2003) by deriving measures of effectiveness such as recall, precision and the F-measure
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which are important measures for information retrieval (van Rijsbergen, 1979; Raghavan et al,,
1989; Manning and Schiitze, 1999; Giasson et al., 2000; Zhu, 2000; Behrens et al., 2005). Table 2

shows a confusion matrix.

Table 2

Confusion matrix

Original soil unit

True False
Predicted 1rue tt tf
soilunit = pyjse ft ff

Recall (rc) describes the relation between positive (tt) and negative predicted pixels (ft) and
thus the probability that a mapped soil class sample (pixel) is actually predicted, i.e. it

represents underestimation:

tt
tt+ ft’

(2)

whereas precision (pc) describes the probability that a predicted soil class pixel is actually

mapped, i.e. it represents overestimation:

tt
tt+tf

pe = (3)
To quantify the overall model quality in a composite measure the Fi-measure (van Rijsbergen,
1979), representing the harmonic mean of under- and overestimation, is frequently used. It is
calculated as follows:

_2*rc* pe

F .
rc+ pc

(4)

3.4 Grid-search

Grid-search or hyper-learning (Ensor and Glynn, 1997; Bergez et al,, 2004) is a simple, yet time
consuming procedure to find the best parameter settings or combinations for fitting a model in a
p-dimensional parameter space systematically. Wrapped around a decision tree algorithm it
leads to p trees based on p different parameter settings. The most important parameters
controlling the tree size as well as overfitting, which consequently influence validation accuracy,
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are the minimum data in a terminal node (mindat) and the standard error (SE) of a 10-fold cross
validation pruning (Breiman et al., 1984). Thus, we apply a 2D grid learning scheme. Based on
the size of the soil dataset, the Fi-measure was calculated for each combination of a mindat of m
= 5,10, 50, 100, 500, 1000, 5000, 10.000 and the entire training set size as well as SE-values of
SE =0, 1, .., 10. Additionally, un-pruned (biggest) trees based on a mindat of 5 were calculated

as reference models for evaluating each combination of mindat and SE.
3.5 Model complexity

As an additional basis to interpret the model performance, the results of the instance selection
approaches as well as the impact of noise and redundancy on the prediction algorithm we
investigate model complexity. With regard to tree based approaches the number of end nodes
can be used as a simple measure which is mainly determined by three parameters: sample size,
mindat, and the cross validation pruning settings. The more samples and the smaller mindat the
larger a tree can grow. The more it overfits this way (i.e. learns noise instead of relevant

information) the more it will be reduced by the subsequent pruning.

The more end nodes in a tree the more complex the model and the more complex the

interpretation of the results (Munoz and Felicisimo, 2004).

We compare the model complexities of all approaches: biggest trees, grid search over the entire
dataset, as well as the instance selection approaches with their three underlying random

sampling iterations.

4 Results and discussion
4.1 Classification tree analysis
4.1.1 Biggest tree reference predictions

The analysis of the biggest tree models for each soil class shows varying results in terms of
predictability (Table 3). Soil classes SC2, SC3 and SC5 show prediction accuracies in the
validation area below 0.5 which is due to two major reasons: First, they show a weak relation to
relief, and second they contain noisy information in terms of imprecise delineations, resulting
from a high degree of taxonomic similarity of soils mainly differentiated by altering Loess

contents.

The comparatively high prediction accuracy for these soil classes in the training area serves as a

first indicator for overfitting, due to too complex tree models based on noisy data.
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Table

Predic- SC1 SC2 SC3 SC4 SC5 SC6

- FiT 0,81 0,80 0,77 0,73 0,66 0,69
= F,V 0,72 0,41 0,25 0,52 0,43 0,55

(F1) Nodes 622 358 265 625 477 344

the - SE 1 0 9 4 2 0
S Mindat 100 5 100 10 1000 5000

ber of

minal

tion
racy
and
num-
ter-

nodes

(nodes) for the biggest tree settings (BT, no cross validation pruning, minimum instances in the

end node - mindat = 5), for the optimized tree model parameters SE (Standard Error) and min-

dat based on a grid search method (GS), for the optimized settings for the tree model parameters

(SE and mindat) and sample sizes (S) for proportional stratified random sampling (PS) and dis-

proportional stratified random sampling (DS) averaged over three independent runs.
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FiT 0,78 0,81 0,65 0,67 0,50 0,52
F1V 0,72 0,42 0,28 0,52 0,48 0,57
Nodes 62 23 14 45 28 5
SE 4 0 0 1 1 2
Mindat 5 5 5 10 5 5
S 10.000 7500 10.000 5000 7500 7500
" FiT 0,77 0,73 0,65 0,70 0,58 0,50
= F1V 0,78 0,36 0,19 0,62 0,61 0,54
SDr 0,004 0,017 0012 0,003 0004 0,008
SDy 0019 0,010 0,005 0,008 0,005 0,003
Nodes 30 126 145 47 58 21
SE 0 0 1 0 2 0
Mindat 1000 5 5 10 50 500
S 10.000 10.000 10.000 10.000 10.000 7500
- FiT 0,73 0,74 0,68 0,70 0,54 0,52
- F1V 0,75 0,40 0,31 0,54 0,47 0,58
SDr 0,007 0,029 0,029 0,009 0004 0,0001
SDy 0,005 0,026 0018 0,008 0,023 0,001
Nodes 14 48 24 60 22 2
AFiV[%] 549 -2,45 1,24 986 1290 0,53

Based on the optimized settings in sample size, mindat, and SE the variation of the reiterations is

expressed through the standard deviation (SD) for both training (T) and validation (V) area.

The information gain for the optimal instance selection method compared to parameter optimi-
zation (GS) was finally calculated by the difference (AF1V [%]) between the single validation re-

sults, thus positive values indicate better results for instance selection, negative values indicate

better results for parameter optimization.

The biggest tree results serve as primary reference measures to evaluate the validation accuracy

obtained by parameter fitting and/or instance selection.

4.1.2 Grid search

The prediction results over the different settings for mindat and SE as analyzed by the grid

search approach are shown in Fig. 4, revealing varying impacts to the different soil classes.
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Fig. 4. Prediction accuracy (F1) for the training (T) and validation (V) area of different model

settings for SC1 (a, b) and SC5 (c, d). The best results are marked in black.

It can be seen that SC 1 produces relatively stable results across the parameter space of the grid-
learning scheme, whereas SC 5 shows unstable results. As SC1 can be extrapolated accurately
into the validation area (Fig. 4b) it seems to be highly correlated to relief and accurately
mapped, whereas SC5 shows a decrease in prediction accuracy of 11 % between training and

validation area. In this case, less complex models in terms of higher mindat return better results

in the validation area.

The results shown in Table 3 reveal a high variability of the optimal model settings over the soil

classes. The differences between the optimized settings are too high to derive optimal global
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settings, which might be applied for all soil classes as almost the entire range of mindat and SE
occurs. Generally, the differences in prediction accuracy between the soil classes can be related

to missing predictors (e.g. geology) or noise in terms of mapping precision (Fig. 5).
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Fig. 5. Optimized prediction results for disproportional stratified random sampling (DS),
proportional stratified random sampling (PS) and grid search based optimized parameter
settings (GS) for each soil class compared to the biggest tree results (BT) for both training and

validation area.

Grid search offers the possibility to analyze the effect of overfitting. Generally, overfitting is
indicated by large differences between the prediction accuracy in the training and validation
areas. Table 3 shows that for all soil classes except SC2 the accuracy in the training area
decreases due to the grid search approach. In no case the validation accuracy decreases. Thus,
the generalization rate is higher for all soil classes except for SC2. Concerning SC2 it is
remarkable that the training accuracy increases even though the computed model is more than

15 times less complex in terms of terminal nodes.
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Even if the tree size is generally expected to correlate with the amount of samples provided
(Munoz and Felicisimo, 2004), the values for mindat und SE cannot be related to sample size and

also for larger soil classes higher values for mindat cannot be found (Table 1 and Table 3).

4.2 Instance selection

The optimized sampling sizes for the instance selection approaches range from 5000 up to
10.000 pixels (Table 3). Values below 5000 return lower validation accuracies for all soil classes,
indicating that relevant information gets lost. Most remarkably - except for the Fi-measure in the
validation area of SC2 - at least one of the two sampling approaches returns better results as
obtained by the grid learning approach for the entire dataset. For some soil classes (SC4, SC5)

the effect of instance selection boosts the validation accuracy up to 13%.

The general relation between sample size and model parameters can be seen by analyzing the
optimized values for mindat, which are lower for the reduced sample sets, based on the instance
selection approaches than for the grid search approach based on the entire dataset (Table 3).
The only exception is SC1l-based proportional stratified random sampling, resulting from
different settings of the standard error, which are typically higher for the grid search approach

based on the entire dataset.

The differences between the instance selection methods PS and DS are partly related to the
frequency of the soil classes, such that smaller soil classes return better validation results when
proportional stratified random sampling is applied. This seems contrary to what is expected as

less pixels of a small soil class are sampled compared to its surrounding area (Chen et al., 2004).

The high positive impact of instance selection in digital soil class mapping with an average

increase of 7% for the Fi-measure in the validation area is shown in Table 4.

This positive effect holds true for all three independent random selections carried out for every

prediction in this study, which is shown by low standard deviations in Table 3.

The average variation in prediction accuracy of the three random sampling iterations for the
optimized DS settings is 1.6 % in the training area and 1.8 % in the validation area in terms of
the F-measure. For PS the corresponding values are 4 % and 3 %. Thus, variation does not

increase in the validation area.

Table 4
Average prediction accuracy (F1) of the approaches tested (T = training area, V = validation area,
BT - biggest tree, GS - optimized parameter settings based on a grid search method, S - optimized

sampling schemes)

Method F.T F.V
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BT 0,75 0,48
GS 0,66 0,50
S 0,67 0,55

As the variation of the three independent PS samplings is within the range of the average
improvement in accuracy achieved for SC2, SC3, and SC6, it can be stated that PS is not very
useful in terms of increasing accuracy compared to grid learning solely (Table 3). Nevertheless,

it speeds up computation.

Concerning DS, which is superior to PS for SC1, SC4, and SC5, variation is smaller than for PS and
- more important - is below the rate of increase in accuracy (Table 3). Thus, for these soil classes
DS is recommend both for faster computation and for increasing prediction accuracy. This

confirms the finding of Kohonen et al. (1995) who are recommending DS.

Yet, for the some units with the lowest proportion (SC3, SC6) PS provides up to 12 % better
results than DS. Thus, the recommendation of Kohonen et al. (1995) is not true for extremely
skewed a priori proportions or imbalanced data. This is difficult to explain, as boosting soil
classes with small proportions via sampling should produce better results at first sight (Chen et
al,, 2004). An explanation might be that important information of spatially neighbouring regions
gets lost (Chen et al., 2004). This is especially the case if soil classes are mapped imprecisely and
more information about spatially neighbouring regions is needed to average the noise between
the soil class and its surrounding and thus to increase the ability of the model to generalize. This
is emphasized by the high mindat of 500 for the optimized PS settings of SC6 compared to a
mindat of 5 for DS, indicating overfitting by a too complex model. Thus the problem seems to be
correlated to noise rather than spatial coverage. This can be explained soil scientifically for the
valley bottom soils (SC6). They are mapped according to their location in the geological map
which is problematic because of three reasons: first, even if there are overlaps between
geological maps and soil maps, the main purpose of the geological map is not to indicate soil
distribution. Second, the valley bottoms in geological maps are mostly generalized and thus do
not exactly fit to the location as shown in current DEMs. Third, geological maps for this region
are drawn on the basis of older topographical maps resulting again in slightly different spatial
delineations. Thus, predictions based on terrain attributes only return weaker results than soil

classes mapped on the basis of current topographical maps.

The prediction results might also be affected by missing features. As the formation of SC2 and
SC3 is strongly related to geology (Behrens and Scholten, 2006b) information on relief is not
sufficient for good predictions. For these classes which produce the worst prediction results PS
is again better. The explanation is the same: more information is needed in the direct

neighborhood to enable the model to generalize and not to overestimate, as reported by Behrens
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and Scholten (2006b).

Concluding, if the prediction works quite well and PS produces better results for skewed
distributions, the soil class is mapped imprecisely and/or important predictors are missing.
Thus, Kohonen et al. (1995) are right for datasets which are not skewed, do not contain noise,
but all relevant features. The possibility to overcome this problem and to achieve better
generalization results for DS on skewed distributions and noisy datasets might be to use a
spatially constrained sampling approach, where more samples are taken near the boundary.
This should be based on spatial distance density function schemes to average out the delineation
noise in the soil data and therefore to increase validation accuracy. This might lead to a new
paradigm in digital soil class mapping focusing on the boundaries instead of concentrating on
the more homogeneous cores of the class areas. Following the concept described by Hole (1978),
different types of boundaries can be characterized by the taxonomical contrast of the adjacent
soil classes. In this concept of nine orders, order 9 represents a boundary separating orders of
soil and order 1 represents a boundary separating soil phases. Thus, theoretically, higher order
boundaries should be easier to predict as low order boundaries, due to a higher contrast which
should be expressed by a higher contrast in state factors. Further studies have to prove this

concept.

4.3 Model complexity

Model complexity analysis in terms of the number of end nodes offers the possibility to explain
why instance selection in combination with grid search approaches produces better results than

grid search over the entire dataset only.

Table 5.3 shows that in average the tree complexities obtained from the grid search approach
over the entire dataset are comparable to the instance selection approaches. This is contrary to
the general expectation that smaller datasets return less complex models. It can be explained
with the different mindat and pruning settings and shows the high dependency between sample
size and parameter settings. As random sampling is not a procedure designed to remove noise
from a dataset as for example special approaches like Wilson editing (Behrens et al., 2008) and
as the different randomized sampling tests returned very similar prediction results (cf. Chapter
4.2) the surprisingly good results of the instance selection approaches are not based on dataset
cleaning as no noise is removed. As a consequence, this phenomenon must be an effect of
enabling (cf. Chapter 3.2) in terms of removing redundant information. In this case, CRUISE must
be regarded unstable in terms of redundancy. More detailed insight can be gained from the three
independent random sampling tests. Here we see that the average node size for DS and PS

differs. The node size for the approaches where DS returned the best results is similar for the
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entire dataset, whereas the node size for the approaches where PS returned better results is
larger. As PS returns better results for skewed distributions (i.e., the soil class comprises a
relatively small area in the training area) it can be stated that the prediction results obtained
with CRUISE are only affected by redundancy if the distributions are much skewed. Thus, it is an

effect of focusing.

In general, even though the tree complexity compared to the biggest tree models is reduced by
parameter fitting for about 94% for the entire dataset, as well as 93 % and 92 % for all DS and
PS approaches, the resulting models must be regarded too complex for interpretation in most of
the cases. Thus, in this study instance selection does not help easing pedological interpretation.
Additional approaches to analyze feature importance might be more efficient for this purpose

(John et al,, 1994, Liu and Motoda, 1998).

4.4 Summarizing conclusions

This study systematically analyzes the influence of instance selection schemes and grid learning
in data mining based digital soil mapping approaches. Based on 3702 tree inductions for 6 soil

classes, the results can be summarized and discussed as follows:

- Biggest trees generally lead to higher prediction accuracies in the training area and
lower generalization rates compared to grid learning and instance selection due to

overfitting and effects of enabling and focusing.

- Optimizing sensitive parameters increases the generalization rate due to a reduced

effect of overfitting which is trivial and as expected (e.g. Breiman et al, 1984).

- An appropriate sampling method in combination with grid search returns better re-
sults than obtained when grid learning is applied on the entire dataset. This enabling
effect is remarkable as the results are better than the ideal outcome of instance selec-
tion where the predictive power of a model based on the entire dataset equals the

predictive power of a subset (Liu and Motoda, 2001).

- Instance selection increases prediction accuracy especially if the frequency distribu-
tion of the soil classes is low compared to the surrounding area which must be re-

garded as an effect of focusing (Liu and Motoda, 2002).

- For small soil classes (skewed frequencies) proportional sampling returns better re-
sults. This effect shows that adaptive sampling in terms of handling characteristic soil
distributions and frequencies differently will lead to higher prediction accuracies

compared to global approaches (Moran and Bui, 2002).
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- Based on the analysis of model complexity instance selection does not necessarily

boost pedological interpretations.

Instance selection and grid learning are important tools in digital soil class mapping as they both
help speeding up computation and increasing prediction accuracy. Yet, it is not easy to
recommend a sampling scheme a priori. To handle skewed, noisy, and redundant data in digital
soil class mapping based on large datasets additional approaches like Wilson editing (Wilson,
1972; Behrens et. al, 2008), latin-hypercube sampling (Carré et al, 2007), and prototype
generation (Wai et al,, 2001) should be tested in further studies. As suggested on the basis of the
results of this study, spatially constrained instance selection as well as boundary mapping in
terms of soil taxonomic contrast (Hole, 1978) should be investigated in future pedometric

research.
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Abstract

In this chapter we present an automated approach to correct the delineation of nominal soil and
environmental datasets based on auxiliary metric attributes, aiming to enhance positional
accuracy. The detection of uncertainties is based on different spatial and non-spatial approaches.
The methodological framework mainly consists of nearest neighbour approaches and comprises
supervised feature selection, different ensemble classification techniques, as well as spatial and
non-spatial smoothing and generalization approaches. The method is described and applied to
an artificial dataset as well as a 1:50 000 German soil map and a 1:1 000 000 geological map of

the Republic of Niger.

1 Introduction

In many situations of applied digital soil mapping we have to handle spatial datasets of varying
provenance, age, scale, resolution, mapping scheme, and aggregation level resulting in different
sources of errors (Robinson et al., 1984; Lagacherie and Holmes, 1997; Heuvelink, 1998; Bishop
et al,, 2006). In predictive data mining approaches (Behrens et al., 2005; Behrens and Scholten,
2006a) existing soil data is extrapolated on the basis of auxiliary environmental datasets
(McBratney et al.,, 2003). Hence, the prediction accuracy can be weak i) if the soil data and or ii)
the auxiliary datasets contain errors. For example when using a small-scale geological maps (>
1:100 000) as predictor datasets for medium or large scale digital soil maps (< 1:50 000) the
delineation is propagated through the analysis and can be found in the prediction results,
assuming there is a significant relation. Thus, in general, maps of smaller scales should not be
used to compile maps of larger scales (Robinson et al., 1984). As “in practice even the best-

drawn maps are not perfect” (Burrough and McDonnell, 1998) positional inaccuracies can be
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found in most classically surveyed soil maps for many well known reasons. In this case, the soil
map as the training dataset contains noise - which again weakens prediction accuracy (Brighton
and Mellish, 2002). Hence, it is important to provide solutions to automatically correct existing
datasets. One step towards better predictions - or in some cases to allow predictions at all, when
the data is sparse and at small scale - is to provide techniques that correct the boundaries of
nominal datasets on the basis of auxiliary datasets of higher resolutions and/or scales.
Demonstrated on different artifical and real datasets this study presents automated approaches

to adjust the boundaries of nominal datasets based on terrain attributes.

2 Rationale

The correction of the delineation in nominal datasets as introduced in this paper is based on two
major steps: first, the detection and removal of inaccuracies and second, the prediction of new
class values for all incorrect pixels. The detection of positional inaccuracies can be achieved in an
unsupervised or a supervised fashion, based on simple band removal approaches or on outliers
in terrain attributes found within each class-area. Concerning the outlier based approach digital
terrain analysis plays a crucial role. Hence a large library of terrain attributes (Behrens, 2003;
Behrens et al,, 2005) is used. The prediction of a new class value for an uncertain pixel is based
on a spatial and non-spatial nearest neighbour data mining framework, comprising feature
selection, ensemble classifications as well as spatial and non spatial smoothing and

generalization approaches to provide stabe and reliable results.

The whole approach is applied iteratively, as the position of the boundaries and thus the outliers

changes after each run. The system is stopped if no further significant or plausible changes occur.

3 Test sites
3.1 Artificial Datasets

An artificial DEM of a hemisphere (radius = 40 pixels) set on top of a plain surface (100 by 100
pixels) was used as a test bed for the framework developed here. The corresponding artificial
nominal environmental dataset consists of two mapping units: first, an inner, irregular shaped
ellipsoid which overlaps large parts of the hemisphere and minor parts outside the hemisphere
and second a surrounding mapping unit mainly covering the plain surface surrounding the
hemisphere (Fig. 1). The aim is to correct the ellipsoid mapping unit in such way that it covers

the hemisphere completely and is removed from the surrounding plain surface.
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Fig. 1. Iterative correction of positional inaccuracies of an ellipsoid mapping unit to an artificial
hemisphere DEM. The left image is the original ellipsoid followed by images showing
the results after 2, 4, 6, 8, 10 and 12 iterations. The image in the left shows the location
of the corrected pixels.

3.2 1:50.000 soil map of Central Hesse, Germany

The 1:50.000 soil map of central Hesse, Germany comprises the Vogelsberg, Europe's biggest
shield volcano with a relief of 170 m asl. to 750m asl.. The soilscape is mainly characterized by
Cambisols, often influenced by loess components (HLUG, 2002). The soil map was rasterized to a

resolution of 20 meters.

3.3 1:1.000.000 geological map of the Republic of Niger

To provide an example for countries with sparse datasets, we analyzed the 1:1.000.000
geological map of the Republic of Niger in Western Africa. The map is based on the work of
Greiert (1961) and disseminated digitally as part of the “Atlas of Natural and Agronomic
Resources of Niger and Benin” (Herrmann et al, 1999). Shuttle Radar Topography Mission

(SRTM) data with a resolution of 90 m was used to derive terrain attributes (cf. Chapter 4.4.1).

4 Methods

The technical key steps of the proposed methodology are briefly described in the following:

Beyond the correction of uncertainties the major goal of the methodological framework applied
is to provide stable results. Thus in the first step after digital terrain analysis (cf. Chapter 4.4.1)
and dataset creation, the data are analyzed to remove noisy and irrelevant features (attributes)
(cf. Chapter 4.4.2). After reducing dimensionality, the core algorithms, that is, removing
uncertain pixels form the dataset, are applied (cf. Chapter 4.4.3). Afterwards, to speed up
computation time we use a stratified random sampling (cf. Chapter 4.4.5.1) over the resulting
dataset followed by Wilson editing to remove noise (cf. Chapter 4.4.5.2). To allocate each
uncertain pixel we apply a simple kNN-classifier (cf. Chapter 4.4.5.3) to assign the most probable
class out of the spatially adjacent neighbours (cf. Chapter 4.4.4). Finally to keep the system stable
and to avoid blurry borders local spatial noise removing is applied (cf. Chapter 4.4.6).
Additionally the methods described above are embedded in an ensemble prediction approach

(cf. Chapter 4.4.7) - again to provide accurate results.
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4.1 Digital terrain analysis

As there is a strong dependence between terrain attributes and soil properties (McBratney et al.,
2001; Behrens et al., 2005), a large pool of continuous geomorphometric terrain attributes is
used in digital soil mapping. Based on a terrain-analysis framework (Behrens, 2003), the
following 25 terrain attributes were calculated: flow accumulation, relative hillslope position,
elevation above channel, distance to channel, average slope, steepest slope, aspect, profile
curvature, planform curvature, mean curvature, maximum curvature, minimum curvature,
relative profile curvature, relative planform curvature, topographic roughness, relative richness,
waxing and waning slopes, solar insolation, compound topographic index, USLE LS-factor,
landform evolution, relative mass balance, stream power index, surface area ratio, and surface
volume. For details see Behrens (2003), Behrens et al. (2005), and Behrens and Scholten
(2006D).

SRTM data was used to remove uncertainties in the geological map of the Republic of Niger.
Additional terrain attributes had to be calculated based on Monte Carlo simulations to derive
more natural spatial flow patterns and geomorphometric positions (i.e. flow accumulation,
relative hillslope position, and elevation above channel). This was essential for boundary
adjustments, due to the error component of the SRTM data which is relatively large in this area
(visual interpretation), the scale of the geological map, and the width of the valleys. A
comparison of a standard multiple-flow algorithm to calculate contributing area (Dietrich and
Montgommery, 1998) and a Monte Carlo approach based on the D8 single-flow algorithm
(Jenson and Dominique, 1988) is shown in Figure 2 [a, b]. It can be seen that the spatial
distribution of the resulting flow accumulations based on the different approaches differs
especially in the valley bottoms, where the Monte Carlo based approach produces much more

plausible results and models the valley bottom according to the draped hillshade.
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Fig. 2. Comparison of flow-accumulation based on a Monte Carlo simulation using a single flow
approach [a] and a multiple-flow approach [b] for a section of the geological map of the
Republic of Niger [c = original, d = corrected].
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4.2 Feature selection

K-nearest neighbour classifiers as instance-based learners are sensitive to correlated as well as
irrelevant and noisy features. Thus, feature selection techniques need to be applied to achieve
accurate predictions. The feature selection algorithm used in this study is the well known Relief-

F approach (Kira and Rendell, 1992; Kononenko, 1994; Liu and Motoda, 1998).

For every class combination and every randomly selected instance (i.e. vector containing terrain
attributes) in a dataset the difference between the feature values of the nearest hit (i.e. the
shortest instance to the same class) and the nearest miss (i.e. the shortest instance to the
neighbouring class) are calculated and summed up over all selected instances in a weight vector.
Thus each feature has a weight indicating its potential to differentiate between the classes in a
dataset. In this study we used the mean weight as the lower limit to remove features and 50

randomly selected instances per class.

4.3 Removing Uncertainties
4.3.1 Band removal

As the probability of noise is generally higher at the polygon boundaries than within a polygon, a
simple spatial denoising approach is to remove all pixels at the class boundaries. This idea is
based on the concept of “error bands” as introduced by Perkal (1966). As the width of the band
can not easily be predicted and is irregular in most cases we use a buffer width of one pixel

inside each class.

4.3.2 Outlier detection

Based on the terrain attributes derived (cf. Chapter 4.4.1) we developed a non-spatial denoising
approach which is the initial idea behind this study. Therefore, each class-area of the nominal
dataset to be corrected is analyzed separately in terms of outliers within the frequency
distribution of each terrain attribute. If a threshold is reached, that is if the majority of all terrain
attributes is outside twice the standard deviation, the corresponding pixel is marked as
uncertain. Thus, this process is data driven and in contrast to band denoising it is not fixed to the

boundary between two polygons.

4.3.3 Spatial neighborhood search

To determine the most likely soil class for each uncertain pixel a local spatial neighbourhood

search is applied. The advantage of a local search procedure is that the universe of potential
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classes to be assigned to an uncertain pixel is reduced resulting in predictions that are generally

more accurate and stable.

The search for adjacent soil classes is based on the moving window technique. If a pixel contains
no soil class information, its neighborhood is analyzed initially on the basis of a three-by-three
pixel neighbourhood. If no adjacent soil class is found within this kernel, the neighborhood size

is automatically enlarged until at least two adjacent soil classes are found.

4.4 Instance selection and classification
4.4.1 Random sub-sampling

Instance selection, or sub-sampling (Liu and Motoda, 2001, Manuscript 3) aims to remove
redundant information from datasets as well as to speed up learning and/or prediction time
while preserving prediction accuracy. This becomes important for large datasets with thousands

of training samples and for computationally expensive algorithms like k-nearest neighbour.

In this study we use stratified random sampling. Kohonen et al. (1995) recommend a
disproportional approach for supervised classification applications, where an equal amount of
observations or instances is selected for each class, even when the a-priori probabilities differ

strongly.

The sample size for each class in this study is 50. As this process is embedded in the ensemble
prediction approach random sampling is the subagging (Breimann, 1996, Biihlmann and Yu,

2002) part of the procedure.

4.4.2 Dataset editing

Wilson editing (Wilson, 1972) is a competitive supervised denoising technique (Zeidat et al,,
2005) with the goal of obtaining more accurate classifiers. This is achieved by removing all
vectors in a dataset that have been misclassified by a k-nearest neighbour classifier, leading to
smoother class boundaries in the feature space and better subsequent classification results using
a k-nearest neighbour classifier. In our case this is done separately for every class combination
found within the neighborhood search to get optimized and spatially dependent classification

results, which is an advantage in heterogeneous soilscapes.

4.4.3 Supervised classification

The k-nearest neighbour classifier (Fix and Hodges, 1951) labels an unknown instance with the

class label of the majority of its k-nearest neighbours in terms of Euclidean distance in feature
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space. We use a three-nearest neighbour classifier in this study.

4.5 Generalization using spatial noise removal

To avoid blurry borders and small isolated areas a spatial noise removal is applied after each
iteration. The noise removal approach replaces all areas comprising less than five pixels followed
by a three-by-three pixel majority filter. An optimized size for areas to be removed can not be
determined a-priori and has to be tested iteratively. We suggest a default value of less than 5
pixels (which is less than the half amount of pixels in a local 3*3 three-by-three neighbourhood),
as it produces only a weak smoothing effect. As this process avoids fuzzy transition zones due to
smoothing it is comparable to the soil scientist’s approach of generalization when mapping soil

classes.

4.6 Ensemble prediction

Ensemble approaches, i.e. combinations of multiple predictions based on changes in the training
dataset, are very popular and powerful, as they increase prediction accuracy (Breiman, 1996).
For k-nearest neighbour classifiers, feature subset selection approaches are recommended by a
number of authors (e.g., Bay, 1999; Akkus and Giivenir, 1996) and are competitive with boosted
(Freund and Schapire, 1996) decision trees (Bay, 1999). The application of instance-based
ensembles like bagging or subagging (Breimann, 1996; Andonova et al., 2002, Biihlmann and Yu,
2002) is reported to work on small random samples (Alpaydin, 1997; Hamamoto et al., 1997).
Additionally ensemble approaches are more robust against irrelevant and correlated features
(Bay, 1999; Skurichina and Duin, 2001). In this Chapter we apply a combination of both random
feature subsets (Ho, 1998) as well as small sample subagging (cf Chapter 4.4.5.1), which is

comparable to the decision forest approach (Ho, 2001) for decision trees.

5 Results and Discussion

The aim of applying the proposed approach on an artificial dataset was to visualize the results
for an easy-to-interpret example. As shown in Fig. 1 the method works as expected. Based on the
band removal approach 12 iterations were needed to fit the nominal ellipsoid to the hemisphere
(circle) based on 5 terrain attributes (slope, compound topographic index, mean, profile and
horizontal curvatures). Using the outlier detection and a low threshold for outlier removal, only
one iteration is needed to achieve the same results. Yet in this case band removal offers the
opportunity to analyze the correction process and thus the location of spatial uncertainties over

the iterations.
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The correction of the 1:50.000 soil map of Central Hesse, Germany is based on the outlier
detection approach (cf. Chapter 4.4.3.2). A first field survey revealed four iterations to be
sufficient to correct the soil map. At first sight, only minor changes can be found between the

original soil map (Fig. 3) and the corrected soil map (Fig. 4).

Fig. 3. Section of the original 1:50 000 soil map (Central Hesse, Germany) draped over a DEM.

Yet, some boundaries show differences of 80 m - resulting from 4 iterations on a 20 m grid
dataset. Hence, using a finer resolution more iterations would be required. Depending on the

resolution and the scale of the input datasets different resolutions need to be tested to achieve

optimized results.

Fig. 4. Corrected 1:50 000 soil map (Central Hesse, Germany) draped over a DEM.

The section of the 1:1 000.000 geological map of the Republic of Niger as shown in Fig. 2 [c]
demonstrates the problem of small-scale nominal maps in relation to more precise, in terms of
positional accuracy, data like SRTM. For the mapped floodplain in the centre of the section, 33 %
of the area is located outside the floodplain as shown by the SRTM DEM. Thus, automated-data-
mining-based boundary adjustments become critical due to large amounts of noise. Yet, 12

iterations based on the outlier approach were sufficient to correct the map (Fig. 2 [c,d]).

112



Data Mining

Attempts with standard terrain attributes only, were not successful, whereas a combination with
the Monte Carlo based approaches returned reasonable results. In the case of some of the other
mapping units which do not show a strong relation to relief, we recommend not using the

adjusted polygons in the final map.

Based on the three datasets tested during the development of the approach presented the
technique works as expected. Yet, it is not possible to make assumptions about the quality of the
boundary adjustment a priori as it depends on the errors and interactions of the datasets used.
Generally, three approaches to test the accuracy of the method seem reasonable: i) direct field
validations, ii) indirect comparisons between digital soil maps based on the original and on the
corrected datasets, and iii) expert interpretations based on map overlays using hillshades or 3D
visualisations. Concerning the 1:50.000 soil map of Hesse all 3 approaches are currently tested

and compared for different landscapes.

Concerning different methodological techniques (iterations, removal techniques) the general
tendency is that more iterations are needed if the uncertainties are high or the resolution of the
terrain attributes is relatively fine compared to the scale of the map to correct. Further research
is needed on criteria when to stop the iterative process to provide fully automated applications.
Band removal needs more iterations than outlier based removal. Additionally the risk to change
boundaries not related to relief is higher. Finally, for geomorphologic settings like wide valleys
as found in the geological map of Niger, plausible results can only be achieved when carefully

selected special terrain attributes are used in the correction approach.

6 Conclusions

The approach introduced in this study helps to enhance positional accuracy of nominal soil and

environmental datasets. This is important:

- interms of error propagation if datasets of different scales and resolutions are used together

in scorpan (McBratney et al., 2003) predictions,

- to produce better prediction results due to an enhancement of the soil map to predict and /

or the environmental covariates used for prediction,
- and in terms of quality control of conventionally produced soil maps.

The second step of the procedure - the prediction of the most probable class - can also be used as
a post-processing tool after predicting single soil units which often results in overlapping areas

and gaps (Behrens et al,, 2005).

Future research is needed to find optimized settings for the different model parameters like the

feature selection threshold, the removal approach, the sub-sample size, the number of
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neighbours used for classification, the settings for spatial smoothing, and the iterations. Yet, as
using the default values returns promising and stable results the major model parameters are
the number of iterations and the algorithm to remove noise. The principal advantage of the
outlier-based removal compared to the error-band removal is that pixels at class boundaries that
are not related to the environmental covariates used, are not per se regarded as uncertain, which
preserves these boundaries in their original shape. Hence, outlier-based removal is

recommended.

The method, proposed and described here for the first time, may become an important pre- and
post-processing tool in digital soil mapping. In countries with sparse and coarse soil information

it might help to refine maps of soil and its environmental covariates.
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